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Poverty' dynamics according to direct, indirect and subjective measures
ABSTRACT
A debate is going on about how transitory poverty really is in affluent welfare states. 
Research findings indicate that usually poverty spells are o f a relatively short duration. On the 
other hand, studies have also shown that poverty is very persistent among a specific part of 
the population. This study tries to find an explanation for these two seemingly contradictory 
findings. Modelling panel data from ten EU countries with measurement models, this study is 
able to reveal that the classical Mover-Stayer model can explain the dynamics of poverty and 
that, if  measurement error is ignored, the mobility in poverty and deprivation transition tables 
is over-estimated. The mover group and the measurement error explain why there are two 
seemingly conflicting pictures o f poverty dynamics.
The financial poverty, housing deprivation and subjective deprivation indicators from the 
European Community Household Panel (ECHP) were used in four repeated measurements. 
The descriptive analysis revealed that the population is heterogeneous when relating to 
poverty dynamics and that the dynamics are similar across the countries and across the direct, 
indirect and subjective indicators. With the time-heterogeneous partially Latent Mover-Stayer 
model, we were able to identify these groups: the first group are stayers in poverty, the second 
are stayers not in poverty and the third group are the movers. With different poverty 
classifications in different countries, we have different fractions o f population classified into 
these three groups, but the groups o f  stayers and movers are identified in every transition 
table. The preliminary finding on common poverty dynamics were confirmed with the Latent 
Constant Fluidity model, which was fitted into the layered transition tables. The three poverty 
measures in the ten countries have very similar poverty transition probabilities, especially 
when random error is corrected to, as the error operates at different levels between countries 
and indicators.
Three main conclusions can be drawn from the results. First, there is high poverty mobility 
but poverty spells seem to concentrate to the same group of people. Second, poverty mobility 
is over-estimated in panel data if the random error is ignored. Third, poverty dynamics, both 
the absolute mobility as well as transition probabilities, seem to have a striking affinity across
countries and indicators, despite the large differences in the cross-sectional poverty and 
deprivation rates. We studied only three classifications in ten EU countries, but we can expect 
that other poverty and deprivation classifications would lead us similar conclusions about 
poverty dynamics if  turned into longitudinal measures.
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INTRODUCTION
What is understood by 'poverty' has changed in western industrialised countries. One obvious 
reason for this is that the standards of living have risen. Poverty is no longer seen merely as 
malnourishment and a lack of shelter, as was the case 50 years ago. Living conditions have 
risen rapidly in the last half of the century and there is now a welfare state established in 
every EU country, in one form or another. However, not only what is seen as the minimum 
standard of living, but also expectations of what is required in a modem society have risen. To 
be able to have the minimum expected way of living in an affluent welfare state requires 
more, and new, kinds of capabilities and resources than were needed in the pre-modem soci­
ety.
But not just expectations and requirements of the normal way of living have changed, also the 
experience of poverty has changed. In the early decades of industrialised societies poverty 
was the normal and expected condition for large parts of the population. The majority of the 
working class, for example, shared in the experience of poverty. In a post-industrialised soci­
ety, poverty has become an increasingly individualised experience and less a simple reflection 
of the social class structure. Post-industrialised societies have become more fluid and unpre­
dictable, at least for the individual. Though the social class of the family that a person is bom 
into still determines very much the future of the person, post-industrialised societies are 'open' 
in a sense that both upward and downward mobility are common. A post-industrialised soci­
ety is not as rigid as was an industrial society and many argue that post-industrialised socie­
ties become even more unpredictable when they are maturating. In a matured post-industrial 
society poverty becomes more and more detached from social structures like social classes. In 
other words, poverty is believed to become individualised, as is the entire post-industrialised 
society. Individualised poverty means that poverty becomes, or has already become, more 
related to (wrong) individual decisions, to life course events and to the personal biography of 
an individual than to the social class structure. The landscape of poverty is not anymore sim­
ply a reflection o f the social class structure as it was in a industrial society. Poverty is now 
seen to be a private and non-material total social exclusion from society (e.g. Silver 1994; 
Strobel 1996).
It is a strong statement to say that a social structure like social stratification does not have an 
effect on the distribution of poverty anymore or that poverty is totally transient in the mature
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post-industrial society. These kinds of statements are often presented in the contemporary 
poverty research under the label 'individualisation thesis’. The individualisation thesis argues 
that poverty has become a mainly transitory experience in relatively few people's lives and 
that poverty is nowadays more connected to individual choices and life-course events than to 
the social structures of stratification (Leisering & Leibfried 1999, 9). The extent of poverty's 
transience can be observed by studying its dynamics. Poverty dynamics, like every dynamic 
process, have two aspects: absolute and relative. Absolute mobility refers to the ratio between 
the numbers of movers versus stables. Relative mobility, or fluidity, refers to the relative tran­
sition probabilities, for example, to the transition probabilities into and out from poverty. 
(Erikson & Goldthorpe 1992, 55-9.) We can compare countries according to their absolute 
poverty mobility, but the relative poverty mobility can tell us something about the social 
structures in those countries. For example, is there a social structure that causes predetermined 
poverty for some or does everyone equally risk experiencing poverty? In other words, is the 
population divided into permanently different poverty trajectories and how different are these 
trajectories?
Studying the dynamics of poverty requires panel data. Repeated measurements bring some 
additional problems to measurement, since the random measurement errors do not nullify 
each other's effect in panel data as they do in cross-sectional data. If we understand measure­
ment according to the classical test theory, i.e. that an observed value is the 'sum' of the true 
value and measurement error, we can expect that the estimates of poverty dynamics will be 
over-estimated if random error in the panel data is ignored. This danger has been recognised 
in recent longitudinal poverty studies (e.g. Duncan 1997). Random measurement errors can be 
tackled in panel data by using measurement models that relate observed measures to a latent 
structure with probabilistic relationships, which allow each manifest measurement to have a 
separate measurement error. As we will see, these two main themes, the measurement error 
and the heterogeneity of the population, penetrate this study.
The book is structured into seven chapters. The first chapter starts with an introduction to 
poverty research. A short, general definition of poverty is given, following a review on estab­
lished explanations as to why there continually seems to be a fraction of the population worse 
off than others, even in the most affluent societies. Then, in section two, some moral and so­
cial justifications are presented for why poverty should be tackled. Section three is a presenta­
tion of the development of poverty measurement, from the early 20th century to this day. It
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shows that after the late 1970s, poverty measurement has developed and expanded rapidly. 
Preceding the conclusion, the link between social policy and poverty measurement is re­
viewed in the section four. It is shown that different methods to measure poverty carry differ­
ent social policy implications.
The second chapter gives a more detailed introduction to poverty measurement. In section two 
different definitions of poverty are presented and their similarities are highlighted. Also it is 
shown how the concept of deprivation is inseparable part of the concept of poverty. In section 
three, the operationalisation of the concept of poverty is presented. The head-count classifica­
tion is selected as the type of indicator that will be used in the analyses. In the fourth section 
the head-count classification is expanded to multidimensional and longitudinal measurement. 
The former is presented as a method where (indirect) income poverty indicators and (direct) 
objective and subjective deprivation indicators are used side-by-side, the latter as a method 
where the same indicator is used in repeated measurements. The fifth section is committed to 
the presentation of the scale of measurement and to the issues of reliability and validity in the 
measurement of poverty. The chapter ends with a section presenting the conclusions and se­
lections made in the second chapter.
The third chapter presents the research questions, the data and the methods that are used for 
modelling poverty dynamics. The chapter starts with an introduction section, after which the 
research hypotheses are presented in section two. There are four research hypotheses which 
this study tries to answer or, better, falsify. The first hypothesis is derived from the individu­
alisation thesis, stating that the population is heterogeneous when relating to the dynamics of 
poverty. The second research hypothesis, derived from the classical test theory, states that 
random error causes mobility to be over-estimated in poverty and deprivation transition ta­
bles. The third hypothesis states that relative poverty mobility, i.e. fluidity, is common be­
tween different poverty indicators. This hypothesis is derived from the theory that different 
poverty indicators measure the same process but in its different phases. The fourth hypothesis 
states that relative poverty mobility is common also across the ten countries selected for 
study. The hypothesis is derived from recent studies suggesting that the transition of poverty 
has a common pattern between countries.
After the research hypotheses have been addressed, the ECHP panel data and the three pov­
erty classifications that are used for analyses will be presented. The three dichotomous pov­
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erty classifications are financial poverty, housing deprivation and the subjective deprivation 
measures. They are assumed to measure different dimensions of poverty indirectly, directly 
and subjectively. Four waves of the ECHP from ten countries are used to construct a four-way 
transition table for each poverty classification. The descriptive poverty figures for these three 
poverty classifications are presented in section four. Log-linear modelling is presented as the 
method for building measurement models that can be used for testing the research hypothe­
sises. For this, the fifth section presents the basics of log-linear modelling and its latent vari­
able extension, latent class modelling, and how these techniques can be used for building 
Simple, Mixed and Latent Markov chain models. The chapter ends with a summary section.
In the fourth chapter we try to answer the first and second research hypotheses. A family of 
Markov chain models is used to model the poverty dynamics and to find out if the population 
is heterogeneous and also how much mobility is over-estimated due to measurement error. 
The transition tables of the three poverty classifications are studied separately: the dynamics 
of financial poverty are studied in section two, the dynamics of housing deprivation in section 
three and the dynamics of subjective deprivation in section four. The true change is separated 
from the error using the parameter estimates of a partially latent Mover-Stayer model. The 
first empirical chapter ends with a summary of the findings of the analyses.
The third research hypothesis is dealt with in the fifth chapter. The transition tables of finan­
cial poverty, housing deprivation and subjective deprivation are combined into one layered 
transition table and modelled again with log-linear modelling techniques. The aim is to test 
whether relative poverty mobility in the transition tables is common to all three. This testing 
is done with the Latent Constant Fluidity model that allows for error in the model. This way 
we can compare the true poverty dynamics in the three transition tables, without noise. The 
measurement model also enables us to compare the reliability of the three poverty measures, 
which is covered in the third section. In the fourth section all the empirical findings made in 
the second empirical chapter are compiled and summarised.
Chapter six is the final empirical chapter and it is devoted to the fourth research hypothesis. 
For this, the transition tables from the ten countries are combined into three layered transition 
tables and modelled with the same Latent Constant Fluidity model. In section two, the likeli­
hood ratios of the model are studied separately for each country, so that we can see if some 
countries have a ‘deviant’ structure o f poverty dynamics. In the third section, the true and
4
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observed transition probabilities are compared. The aim is to study whether the error is oper­
ating in different levels in different countries, causing additional variance between countries 
in their poverty dynamics. The fourth section summarises the results from the country com­
parisons.
The seventh and final chapter summarises and ties up the empirical findings made in the study 
and interprets them in a larger context o f theories and policy implications. The second section 
of the concluding chapter is devoted to linking the research findings of the study to previous 
studies on poverty and poverty dynamics, and trying to interpret the results in the larger theo­
retical context of social stratification. It will recommend that longitudinal poverty studies rec­
ognise that the over-estimation in panel data should be taken seriously, otherwise there is a 
substantial risk for biased mobility estimates. The third section presents some policy recom­
mendations derived from this study. Some new and some old policy recommendations are 
given for changing the view of poverty from static to dynamic.
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1. POVERTY AND SOCIAL POLICY
1.1 Introduction
This chapter gives a short introduction into sociological poverty research. After the introduc­
tory section, we approach the issue of poverty by pondering three questions that need to be 
answered, implicitly or explicitly, in every poverty study. These questions are; what is pov­
erty, why is there poverty and why study it?
In section two, we show that poverty is an object of normative, administrative and methodo­
logical interest for various actors. This means that it is inevitably a political concept and 
therefore, p er se , a continuously debated concept (Alcock 1993, 3). There is one exception; 
the so-called relative definition of poverty (Townsend 1979, 31) is largely accepted in pre­
sent-day poverty research in welfare states. However, this fragile unanimity quickly falls short 
when an attempt is made to measure relative poverty. After answering the question of what 
poverty is, a general explanation is given as to why there seems to be poverty, even in the 
most affluent societies. The distribution of resources and the desirable style of living deter­
mine the conditions and the expectations of living without deprivation. For this both theories 
about the distribution of resources and writings about increased living standards are reviewed. 
The second section ends with the third question; why should we study poverty? It is argued 
that poverty should be studied so that we can attempt to resolve the problem, because poverty 
causes negative moral and social consequences.
In section three, the historical development of poverty measurement is presented. Since the 
beginning of modem poverty measurement in the early 20th century, sociological poverty 
research has developed into several different schools. The use of multiple indicators and lon­
gitudinal panel data are presented as the state-of-the-art approaches in contemporary empirical 
poverty research.
In section four the close connection between the measurement of poverty and social policy is 
reviewed. We show that each method of poverty measurement carries implicitly a social pol­
icy implication on how poverty could, and should, be reduced. The chapter ends with a sum­
mary in the fifth, and final, section.
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1.2 Why Poverty?
Three questions arise when poverty is brought into discussion. These questions are: what is 
poverty, why is there poverty and what is its significance? The first question is a matter of 
theoretical conceptualisation, a task that has not reached an unambiguous outcome in the pub­
lic debate or in the field of poverty research. It is also difficult to give a satisfactory answer to 
the question of why there is poverty. One of the pioneers of poverty research, Seebohm 
Rowntree, put it bluntly, over a hundred years ago, by saying that to be able to give a satisfac­
tory answer to the question, one has to give an answer to the whole 'social question’, i.e. to all 
social problems. However, without opening the Pandora’s box of social theory about the link 
between micro actors and social structures, we can present some general theories on why 
there always seems to be a fraction of population who are worse-off, even in the most affluent 
societies. Maybe the easiest question out of the three is why poverty should be studied. Pov­
erty is studied so that we can do something about it.
1.2,1 W hat is poverty?
In general terms poverty can be defined as living below some threshold of the distribution of 
welfare. This means that poverty is closely related to, though not the same as, inequality. If a 
society is equal but the standard of living is low across the society, it follows that everyone in 
the society is poor, not that there is no poverty. The reason why special attention is paid to the 
bottom of the welfare distribution is the belief that there is a level of welfare below which 
people suffer some form(s) of deprivation (see Creedy 1998, 25). This is why the concept of a 
poverty threshold (or poverty line, cut-off point, etc.) has a central place in definitions of pov­
erty and in poverty research in general. The poverty threshold represents the fundamental 
poverty measurement idea that there is a threshold below which attaining a customary way of 
living in the society is no longer possible. In other words, a relative difference in welfare (or 
in resources or amenities) can produce a qualitative difference in functioning within a society.
An awkward situation occurs in poverty research in that, to be able to do empirical poverty 
research, one is forced to select one definition out of several alternative definitions. Luckily, 
most of the established definitions of poverty are similar, once one goes beyond the discursive 
surface of them. Most empirical poverty studies can be grouped either by the definition of
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Peter Townsend or Amartya Sen. Although they used different terms and formulated re ­
sources, needs and capabilities and their connections in different ways, their definitions hold 
many similarities. Although Sen and Townsend severely debated between themselves whose 
definition is correct (e.g. Townsend 1985; Sen 1985), both Sen and Townsend define poverty 
(put very simply) as incapability to achieve an acceptable way of living in the society in 
which they live, because of lack of resources and amenities.
Townsend (1979, 31) is generally seen as giving the most popular and lasting definition o f 
relative poverty in sociological poverty studies. According to him, poverty can be defined 
objectively and applied consistently only together with the concept of relative deprivation. 
Townsend defined poverty as the lack of resources to participate in the activities, and have the 
living conditions and amenities that are customary in the society to which one belongs. In 
other words, he defined relative poverty as life-style deprivation caused by the lack of re ­
sources. Thus, the concepts of poverty and deprivation are inseparable and often treated with­
out distinction. Townsend’s definition on poverty as relative deprivation corresponds to the 
definition of poverty as a lack of capability, refined by Sen (2000,4). Both relative and capa­
bility definitions of poverty emphasise the lack of income and financial resources as (one of) 
the main sources of poverty and deprivation, but poverty is seen as a wider and more complex 
phenomenon than just the lack of income. There have been numerous attempts to give a more 
precise and a valid definition of poverty, but these similar definitions by Townsend and Sen 
have maintained their central position. However in this study, we lean towards Townsend’s 
definition.
How much and what kind of amenities and resources are needed to avoid deprivation is rela­
tive. It depends on the society in hand, the ability to make use of the resources and the needs 
that have to be met. For example, a Londoner needs more money to buy a monthly tube ticket 
than a farmer in the Kenyan countryside earns in a month. If a Londoner does not have money 
to buy the monthly tube ticket and is therefore incapable of getting to work every morning, we 
can say that he is poor because he cannot function in his society and achieve the expected way 
of living (at least by his employer). The fact that the income that the Londoner has would 
probably make him a rich man in Kenya, does not change the fact that in London he is poor. 
So the lack of amenities or resources is relative, but the outcome of this inadequacy, i.e. inca­
pability to function in the society or achieve an acceptable way of living, is absolute.
miHimwwiwwnw •WWW mnmifwiu.Hm.i. m
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However, empirical poverty research has failed, despite intensive search in the past decades, 
to find an indisputable threshold in the distribution of resources after which basic functioning 
in the society becomes difficult. The most likely explanation for this is that the resources ma­
terialise into welfare very differently among individuals, depending on numerous individual, 
social and societal factors, as pointed out by Ringen (1985). Because of this all methods to 
measure poverty are open to criticism.
1.2.2 Why is there poverty?
If it is difficult to give a simple answer to the question what is poverty, it is even more diffi­
cult to give a satisfactory answer to the question, why there is poverty. At a general level we 
can say that the extent and level of poverty in a society at a given historical moment can be 
explained, on the one hand, by the supported style of living and living conditions, and on the 
other, the production and allocation of resources (see Townsend 1979, 917). The distribution 
of resources and desirable style of living are in constant interaction and together they deter­
mine the conditions and expectations of what it is to be living without deprivation.
The expectations of a decent life have risen in (post-)industrialised countries during the 20th 
century together with improved living conditions. The standard of living of the poor in a con­
temporary welfare state is probably higher than the standard of living of an average person a 
hundred years ago. The welfare state has erased famine and fatal epidemics among the poor, 
which are still fact of everyday life among the poor in some developing countries. Some argue 
that there is no longer real poverty in welfare states, only people who feel ashamed of their 
inability to reach the commonly desired style of living. The modest diet and even the long 
waiting period for public hospitals that the poor in welfare states have to face would be luxu­
ries for the poor in a developing country. Some argue that social shame is not the same as 
poverty.
However, even the earliest poverty researchers admitted that avoiding famine is not enough in 
a modem society. To be able to earn a living in a modem society one has to have, for exam­
ple, access to a newspaper and have decent clothes for a possible job interview. Hence, al­
though the argument that one is not really poor if basic needs are met has a certain face valid­
ity, it quickly falls short once one starts to ponder what the minimum resources and amenities
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are that are needed for functioning in a modem society. For example, in future societies em ­
ployers will probably put job  advertisements solely on the internet, because it is cheaper and 
because the internet has become so common. One could say that access to the internet would 
then be a necessity in that society, not a luxury. Hence, the common expectations of a normal 
life increase what is actually needed to function in the society. In other words, what is needed 
to avoid poverty.
So the expectations of a decent life govern the minimum standard of living that should be 
achieved. The allocation of resources governs who do not have resources to achieve this 
minimum. There is a wide range of literature on the production and distribution of resources 
and about the institutions that have risen to control them. An explanation as to why the alloca­
tion of wealth seems to be very skewed has been sought from both the different abilities o f  
individuals as well as from the institutions of society. Most of the explanations fall some­
where between the opposite polls of pure individualistic and pure institutional explanations.
The orthodox economic theory, which sees the distribution of resources as the outcome o f  
rational maximization of producers and consumers and the equilibrium of their interaction, 
can be viewed as one of the most individualistic explanations for the skewed income distribu­
tion, while sociological theories explain the distribution of resources from the institutions and 
the macrostructure of society. So-called underclass and life cycle theories, as well as func­
tionalism, refer both to individual characteristics and institutional factors when explaining the 
skewed allocation of resources and wealth. •«
The orthodox economic theory explains the shape of personal income distribution from the 
distribution o f intelligence and other abilities. Since mental and physiological abilities are 
more or less normally distributed in a population, it might be assumed that the distribution o f 
personal income also resemble a normal distribution. Empirical studies, however, do not con­
firm the hypothesis that personal income distribution would be normal. It has been proposed 
that the distribution is lognormal, because different abilities are not additive in nature but 
multiplicative. In other words, a combination of skills and abilities is more rewarded in the 
markets than what a simple sum of these skills and abilities would be. Also the inheritance o f 
wealth is assumed to skew the distribution by giving advantages to some for example in the 
form of easier access to education. However, the orthodox theory serves as a point of refer­
ence in the contemporary economic research on income inequality.
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Numerous other theories have been proposed in economics to explain income inequality. For 
example, so-called multiplicative theories, which are based on the idea that wealth is a prod­
uct of numerous and simultaneous variables (Roy 1951). We know that wealth and power 
tend to accumulate generation after generation to the same families, distorting the distribution 
of resources. Even if the distribution o f abilities among individuals is assumed to be normal, 
families with wealth and power can ensure their offspring have better chances of success by 
using their wealth and social capital. More theories on (income) inequality in economics have 
been developed around the ideas of human capital and dual labour markets. For a more exten­
sive review of theories of (income) inequality in economics, see Sahota (1978), Townsend 
(1979,77-9) and Atkinson & Bourguignon (2000).
The functionalist explanation of inequality is based on the assumption that some occupations 
are functionally more important for the society as whole than other occupations (Davis & 
Moore 1945; Townsend 1979, 83-5). Since some occupations are more important for a society 
to function, there have to be rewards assuring that these more important occupations are filled 
by motivated and talented individuals. Functionalism views society as a holistic system where 
the most able people should carry out the most important tasks. Inequality is the unavoidable 
device that guarantees that the most able persons seek the most demanding and rewarding 
occupations. The other side of this functional selection mechanism is that a part of the society 
is necessarily worse-off. Hence, it is not difficult to see how the functionalistic view of soci­
ety easily highlights the personal characteristics of the poor when explaining poverty. How­
ever, the functional explanation of poverty, and functionalism in general, in the social sci­
ences has lost a lot of the importance that it once had (for the decline of the functionalistic 
paradigm in the social sciences, see Gouldner, 1970). Perhaps the most crucial weakness of 
functionalism is that it ignores the obvious fact that people with wealth and prestige can influ­
ence to the distribution and magnitude of rewards in society by protecting or augmenting their 
own privileges (see Wrong 1959).
Sociological theories explain the allocation of resources using the structure of social stratifica­
tion that is based on the allocation of positions in the production system. These positions can 
be classified into social classes that are also divided, in some respect, according to their life­
styles and values. The social class structure is considered to be a crucial social phenomenon 
that illustrates both the attachment of individuals to social macro structures as well as the dis-
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tinctions and differentiations experienced in everyday life. It is also often assumed that there  
exists a special bond or a sense of solidarity between persons in the same social class. T here  
are two main traditions which conceptualise social class in sociology. The (neo-)marxist trad i­
tion emphasises the importance of the conflict of class interests as the major source of c lass  
formation (e.g. Wright 1997). The (neo-)weberian tradition emphasises the differences in life  
chances and market positions (Breen 2002).
There are three main labour-market-related criteria that are used to classify people into social 
classes: according to their (i) general position in the labour markets, their more (ii) precise 
position in the production unit and (iii) the nature of their employment relation (Erikson &  
Goldthorpe 1992, 35-47). Although these three criteria come from the Weberian tradition, in  
general the same criteria are used in the marxist tradition (Sorensen 2000). Using these three 
criteria, the three main social classes can be distinguished: ( 1) employers who buy the labour 
of others, (2) self-employed workers without employees, who neither buy nor sell labour, an d  
(3) employees who sell their labour and therefore place themselves under authority and con ­
trol. Several intermediate classes are proposed into this rough trichotomy to fine-tune the p ic ­
ture. For example, employees are often divided into those who sell manual labour and those 
who sell their mental output. Traditionally poverty is seen as a problem mainly afflicting th e  
working classes, i.e. those who are selling the most easily expendable labour, manual labour.
Underclass theories can be seen to have their origin in the social class theories. As the nam e 
indicates, underclass theories concentrate on the segment of population that, in a way, is be­
low social classes, a modem Lumpenproletariat so to speak. Maybe the best-known presenta­
tion of a underclass theory is given by Oscar Lewis (1966), According to him, the poor create 
a subculture of poverty for themselves that is transferred from the one generation to the next. 
This subculture includes counterproductive social values, attitudes and behaviour that re in ­
force exclusion and segregation from 'normal' society. This way the poverty culture creates a 
permanent underclass living in intergenerational poverty. (For later developments of the the­
ory, see Marks 1991.) ?
A spin-off of the underclass debate has been the so-called welfare-dependence research, 
where the research interest has been whether the welfare state is one of the institutions caus­
ing the culture of poverty (e.g. Bane & Ell wood 1994). Welfare dependence research has con­
centrated mainly on the United States, since European poverty and welfare research has been
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reluctant to adopt underclass theories and no doubt welfare-dependence studies have been one 
reason for this. Instead in European welfare studies, theories under the concepts of the new 
poor and social exclusion have been more popular when poverty (or the new poverty) is ex­
plained. The concept of social exclusion in particular leans more towards Durkheim and his 
theories about the disruption of social fabric than to the social class theories (see e.g. Silver 
1994; Room 1995.)
The life cycle (or minority group) theory was originally presented by Rowntree (1941). His 
discovery in the late 18th century city of York was that poverty was usually only avoided in a 
common man’s life when he was in his prime working age, without children. Hence, when 
observed through an entire life-span, poverty seems to have a cyclical nature. Social policy 
transfers, namely old-age pensions and child-benefits, have eroded this vicious cycle by sub­
sidising families with children and the elderly who are outside the labour markets (Kangas & 
Palme 2000). The life cycle approach has developed into a rich research tradition that studies 
how life events trigger, or help to exit, poverty. These changes are either related to the life 
cycle, like parenthood and old age, or to other life-event changes like unemployment or di­
vorce. (e.g. Bradbury et al. 2001.)
Theorists of post- or late modernity have argued that the importance of social class as a main 
source of individual identification and orientation has weakened as the ‘great narratives’ of 
modernity lose their power (e.g. Beck et al. 1994). The primary institutions, like the social 
class structure, religion and family, are replaced by 'secondary' institutions like mass media, 
the labour market and the welfare state as the main source of personal identification and de­
terminants of life courses. This is a direct critique against the sociological explanations of 
poverty presented earlier. Sociological explanations are based on the idea of social stratifica­
tion, which is now claimed to have lost its importance in people’s life. Individuals are more 
and more free to choose their style of living, values and life goals. Life in a ‘post-modem’ 
society, something that is seen to follow the modem society, is seen as a series of personal 
choices and it is this self-created biography that should be studied, if one wants to understand 
poverty in the post-modem society.
This individualisation thesis, as it has often been called, has pointed out several aspects to 
poverty that the traditional sociological poverty research has neglected. A modest application 
of the individualisation thesis has produced the so-called life course approach in welfare stud­
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ies that emphasise the social risk management throughout an individual's life-span (e.g. Leis- 
ering & Leibfried 1999, 29-33). But a strong and rigid interpretation out of the individualisa­
tion thesis, i.e. that social structures do not have, o r have only mild, influence on people's life, 
is difficult to find empirical support for. Empirical studies have shown that structural factors 
play a significant role when explaining poverty and that people’s freedom of life choices is 
very much limited by several factors, even in the most developed and richest countries in the 
world (Andreß & Schulte 1998; Layte & Whelan 2002).
1.2.3 Why should we study poverty?
Maybe the easiest question out of the three is why we should study poverty. Poverty is studied 
so that we can do something about it (see Gordon & Townsend 2000, 142-6). Poverty re­
search can be seen as one major brand of welfare research, which studies the level and distri­
bution of welfare in the society (see Ringen 1985, 102). The welfare of citizens, or a lack o f 
it, is studied because we believe that we can influence the level and the distribution of welfare 
in the society by public policy. Public services and social transfers are directed in such a way 
that they are believed to give the best result. What is then seen as the te s t  result' depends on 
the social policy model of the country and its presumption of what is understood by ’depriva­
tion’ or ’poverty’ and the reasons causing them.
Social programs against poverty can be justified by referring either, or both, to the equality of 
outcome and to the equality of opportunity. The latter is especially difficult to override, since 
the equality of opportunity can be justified both by moral arguments as well as by referring to 
the efficiency o f production and the aggregate good. The equality of opportunities is one of 
the leading normative goals in the western (post-)industrialised countries. There are many 
arguments about the role and content of equality o f outcome, but there is broad consensus that 
opportunities should be equal (see Lipset & Bendix 1959,2-3).
Perhaps child poverty research can be seen as the topic in poverty research in which equality 
of opportunity is most explicitly brought up (see e.g. Bradbury et al. 2001). A child cannot be 
held responsible for the conditions that he or she is bom into, but these conditions can have a 
huge influence on the opportunities that he or she will have in his or her life. So poverty is not
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just a question of inequality of conditions i.e. that some families are worse-off, but poverty is 
also a question of intergenerational inequality, inequality of opportunities. A poor family may 
pass to its children poorer opportunities in life. For example, education is assumed to be fi­
nanced completely or partly by parents. There are means for students from less well-off fami­
lies to finance their education, for example stipends or state guaranteed low-interest student 
loans. However, children from better-off families can compete for student places and concen­
trate on their studies without worrying about financing their studies and allocating part of 
their time and energy while studying to paid work.
As this book is emphasising the importance of changing the view of poverty from a static to a 
dynamic one, we should also look at policy programs that aim to alleviate poverty over a 
longer time-scale. Social transfers and public services do not only lessen poverty and inequal­
ity now, but they also prevent poverty and inequality being passed from one generation to the 
next.
1.3 Development of poverty measurement
If there is a fragile unanimity on the definition of poverty, there is a good deal of disagree­
ment among sociologists over how poverty should be measured (e.g. Nolan & Whelan 1996, 
10-14). Three rivalling schools or approaches in poverty research have been distinguished: 
absolute poverty, relative poverty and relative deprivation approaches (Ringen 1985). These 
three approaches can be seen also as stages in the historical development of poverty meas­
urement. However, all the three approaches still have their own supporters and the three ap­
proaches co-exist in current empirical poverty research. We can also include a fourth and fifth 
approach in the series, the multidimensional and longitudinal approaches, which have filtered 
into European sociological poverty research during the 1990s. These five poverty measure­
ment approaches or schools can be briefly described as follows.
The modem measurement of poverty can be seen as starting in Rowntree's pioneering work in 
the city of York at the beginning of the 20th century, which laid the first conceptual and theo­
retical foundation for the measurement of poverty. His definition of poverty as minimum sub­
sistence, and the food-basket method for measuring it, dominated the measurement of poverty 
for almost a century. This approach, where poverty is conceptualised as the minimum physio­
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logical capability to function, can be called as the absolute poverty approach. (Ringen 1985.) 
In the absolute approach poverty is understood as living under the minimum below w hich 
physical efficiency could be maintained. Bare subsistence rather than the way of living draw s 
the line between the poor and the non-poor.
Very influential US Census poverty threshold, which provides a time-series from 1959 o n ­
wards, is often referred to as an absolute threshold. Since the 1969 the dollar amount poverty 
threshold has only been adjusted with the consumer price index. This dollar amount threshold, 
or better the matrix of dollar amount threshold for different size and type of households, w as 
originally estimated from the prize o f a minimum food basket, multiplied by three, since em ­
pirical studied in the 1950s indicated that an average family uses one third of its incomes o n  
food. The US census poverty threshold has been heavily criticised for not taking into account 
the rise in general standards of living, using incomes before taxes as the indicator of re ­
sources, neglecting non-cash benefits, using the same dollar amount threshold throughout th e  
United States and so on. The US Census has made only minor revisions to the original m eas­
ure, but since the end of the 1990s it has published figures based on an experimental poverty 
measure. The experimental measure uses incomes after taxes and takes into account non-cash 
subsidies. (US Census Bureau 2004.) Most likely due the monolithic status of the US census 
poverty threshold, the debate on poverty and poverty measurement in the United States h as  
been more policy oriented, concentrating to this official threshold (see Citro & Michael 1995, 
17-9; Fisher 1992).
In Europe, on the contrary, during the 1970s there was a crucial change in the understanding 
of poverty in academic, as well as in the public, debate. Poverty began to be conceptualised 
increasingly in relative terms: as resources or living standards that fall too far below an aver­
age, or acceptable, level of income/welfare. At the same time as this shift from absolute to  
relative poverty, the causes of poverty were laid out for focused study. Before this, the causes 
of poverty were rarely studied and only indirectly referred to in the choice of definitions and  
measurement methods. (Townsend, 1971; 1979). Peter Townsend was the leading name in  
this new relative poverty approach. Although the definition of poverty changed from absolute 
to relative and the poverty threshold from a biological necessity to a function of income, the 




This change to understanding poverty as relative can also be linked to a larger paradigm shift 
in the social sciences, namely the ending of functionalism, which, based on theories of Talcott 
Parsons and others, did not necessarily regard it a problem when one person’s income is lower 
than another’s. Inequality, if it was vested on the value of each individual contribution to so­
cietal welfare, was, in the eyes of the functionalists, functional and valuable for society and 
was even required for its survival (see e.g. Gouldner, 1970).
However, there is a logical break between the definition of poverty and indicators that were 
used for measuring poverty, both in the absolute and relative approaches, as Ringen (1985) 
pointed out in his influential article. Poverty is measured as a lack of material resources, but 
the definition of poverty refers to the standard of living. This contradiction gave rise to a criti­
cism in the 1980’s, especially after several empirical studies showed that the link between low 
material resources and a low standards of living was much more complex than a simple causal 
one: it was shown that equal material resources do not necessarily result in equal welfare and 
that welfare is not necessarily a function of material resources. Ringen (1985) argued that a 
lack of material resources is neither a necessary nor a sufficient condition for poverty. He 
endorsed the relative definition of poverty, but at the same time criticised the idea that mate­
rial resources were taken as the sole indicator of welfare. This is why he insisted that poverty 
should be observed and measured directly as poor living conditions i.e. deprivation, not indi­
rectly as the lack of resources. This led to a third school in poverty research: the relative dep­
rivation approach
Sen (1979) on the other hand, criticised both the relative poverty and the deprivation ap­
proaches because according to him, poverty and deprivation are not just relative, they also 
reflect visible hardships that can, and should, be objectively observed in absolute terms. He 
made a distinction between resources and the capability to function, pointing out that relative 
deprivation in the former can yield absolute deprivation in the latter. Sen's point was that one 
surely needs relatively more resources in a rich industrial country to be able to function, for 
example, to be able to be seen in public without shame. But this functioning, i.e. appearing in 
public without shame, is absolute. His formulation on the connections between resources, 
capabilities and functioning is much more sophisticated than the simplistic summary pre-
1 It was in fact Ringen (1985) who originally presented these three stages in the measurement of poverty.
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sented here. For a more extensive review on the Sen’s capability approach, see Sen (1983), 
Sen (1985) and Sen (1992).
By the end of the 1980s there was also an ongoing debate on how ‘inadequate living condi­
tions’ should be measured and on who should define who is poor: academic researcher’s ‘ob­
jectivity’ was put against common people’s ’sense’ using consensus methods and individual 
subjective opinions (Mack & Lansley 1985; Piachaud 1987). It was also suggested that re­
sources within the household are not necessarily allocated according to the needs of members 
of the household (Jenkins 1991), In short, the methodology and theoretical bases of poverty 
and welfare studies expanded during the 1970s and 1980s. From time to time, there were con­
troversies between these three ‘schools’ of thought on how poverty research should be con­
ducted and how poverty and deprivation should be defined and, subsequently, measured (e.g. 
Townsend 1985; Sen 1985; Ringen 1988; Donnison 1988).
After intensive research during the 1970s and 1980s, it became clear that all the ways to dis­
tinguish between the poor and the non-poor are hampered by the practicalities of actually 
measuring things like low resources or poor living conditions. The most disturbing conse­
quence of these problems is that quite different groups are identified as poor by different 
methods and poverty indicators. As a solution, some researchers proposed during the 1990s 
that we should treat different methods and indicators as alternative ways to gain information 
on the same complex social problem (e.g. Muffels et al. 1992; Kangas & Ritakallio 1998; 
Moisio 2004). Hence, different methods give somewhat different pictures of poverty (in soci­
ety) and some researchers came to the conclusion that none of these pictures are indisputably 
’better’ than the other. This why they suggested that poverty should be measured with a set o f 
several indicators, containing direct, indirect and subjective measures, which would give 
complementary information on the different aspects of poverty. This multidimensional ap­
proach quickly gained popularity, especially in administrative reports and studies (e.g. Euro­
stat 1988).
In the early 1990s there also emerged criticism towards how poverty is understood in Euro­
pean welfare studies, not just how it was measured. The critics said that the concept of pov­
erty is unable to embrace the dynamic nature of hardships, and the temporal and spatial accu­
mulation of social disadvantages. Poverty research at that time was also criticised because it 
was still seen as merely describing the problem of poverty, leaving the social processes that
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create poverty and deprivation in a society aside. The concept of social exclusion was consid­
ered to be more appropriate to grasp the dynamic nature of social disadvantages and, further, 
shed light on the processes that are behind poverty and deprivation. The theories of social 
exclusion can be seen as a response to the American underclass theories that have a long and 
rich tradition in the US poverty research (see Coser 1965; Wilson 1987). However, the theo­
ries of social exclusion usually make a clear separation from the underclass theories, (e.g. 
Silver 1994; Room 1995.) However, after a decade of intensive research, many academics 
have abandoned the idea that the concept of social exclusion could replace the concepts of 
poverty and deprivation. The main reason for this being that there is uncertainty as to how 
much analytical value the concept of social exclusion has in the empirical research, mainly 
due its lack of conceptual and theoretical clearness (see Sen 2000,1-2).
Berghman (1995) pointed out that these allegedly new, dynamic aspects that the concept of 
social exclusion brought into welfare research were already an integral, but hidden, part of the 
concepts of poverty and deprivation. He also presented a conceptual framework to relate the 
ideas of social exclusion, impoverishment, poverty and deprivation in a dynamic way. Ac­
cording to him, the concepts of poverty and deprivation deal with static outcomes whereas, 
impoverishment and social exclusion refer to a process. Deprivation is different from poverty 
in that deprivation is multidimensional, whereas a lack of material resources i.e. poverty, is 
one-dimensional. Social exclusion, on the other hand, is a concept that refers to a multidimen­
sional process, where impoverishment is only one of its dimensions.
It might have been that the concept and theories of social exclusion smoothed the way for the 
dynamic approach from the US to Europe. By the end of the 1990s, more and more European 
researchers drew attention to the fact that poverty had generally been measured in Europe as a 
static condition. There was a demand for longitudinal analyses and datasets on poverty (e.g. 
Bradbury et. al 2001; Layte & Whelan 2003). It became acknowledged that analysing poverty 
as a longitudinal phenomenon was essential both to understand it and for the development of 
social policy. However, it is most likely that the static view on poverty would have changed in 
Europe to a dynamic one, even without the debate around social exclusion. In the United 
States, the longitudinal approach in the measurement of poverty has already been undertaken 
in the 1980s and the research has produced a rich and wide range of literature on poverty dy­
namics (Bane & Ellwood 1986; Hill 1981; Duncan 1984).
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In contemporary European poverty research, we know a lot about cross-sectional poverty; 
how poverty is distributed in the population, what parts of the population are in a high pov­
erty-risk etc. There is a much smaller body of knowledge about the dynamics of poverty; how 
persistent, or transitory, poverty states are, how families move in and out from poverty across 
the family formation cycle, how poverty transmits itself over the generations etc. To meet this 
deficit, Eurostat and member states launched the European Community Household Panel 
(ECHP) in the mid-1990s and the panel has instigated longitudinal poverty research in Europe 
(see Atkinson et al. 2002). Longitudinal and comparative analyses on poverty in Europe have 
been executed, for example, Duncan et al. (1993), Krause (1998), Layte & Whelan (2003), 
Fouarge & M uffels (2000). However, there is still much that is unknown about the dynamics 
of poverty in Europe, so European longitudinal poverty studies will produce new information 
about the dynamics of poverty for many years.
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1.4 Measurement o f poverty and social policy
The measurement of poverty always serves some purpose - identifying and calculating the 
poor is not a purpose on its own. Most often poverty measurement serves the needs o f social 
policy. Since the emergence of a welfare state, social transfers and services redistribute and 
consume a large part of gross domestic production. Already, the size of the welfare state 
means that there is a need for information about it whom targets and evaluations of how well 
the welfare state responds to the social issues and problems that are deemed its responsibility. 
Information from poverty measurements is used to plan, target and modify social policy to 
make it more effective in, for example, alleviating poverty. Often other branches of public 
policy, like employment, housing and fiscal policies, are used together with social policy in 
this task, if not even understood as parts of general social policy.
There is no clear and widely accepted definition of social policy. The concept is simply most 
often taken as given and is rarely explicitly defined. A favoured and lasting definition for so­
cial policy is that of T.H. Marshall (1975, 15), who interpreted it as the use of political power 
to supplement and modify operations of the economy in order to achieve outcomes that the 
economy would not achieve on its own. This correction of the economic system is guided by 
other values than those determined by market forces. The narrow interpretation of the social 
policy definition could view these corrections as redistribution of welfare, done by direct or 
indirect social transfers and public or subsidised services. This narrow interpretation generally 
prevails in welfare studies, where poverty research is usually also included. This means that 
when referring to social policy in this book, it is done within this narrow meaning defined 
above.
There are three alternative comprehensions or models on what is social policy and what is its 
purpose. These models can be named as the residual welfare model, the adjunct welfare 
model and the redistributive welfare model of social policy. These three models crystallise 
different moral and ideological views about the means and ends of social policy by putting a 
different weighting between the state, private market and family providing welfare and hedg­
ing against social risks (Titmuss 1974, 30-T, Townsend 1979,62).
The residual welfare model of social policy sees the private markets and family as the main 
institutions for providing welfare and social security. Only if these two institutions fail in their
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mission, can the state can intervene. The state support is meant to be short-term and aimed at 
guiding the beneficiary back to work or to take responsibility for the family. The adjunct wel­
fare model takes social policy as a conciliator between social goals and the private markets. 
The economy is seen to operate with a logic that without state intervention, markets will cre­
ate unwanted moral, social and even economical consequences. Basic rights and needs should 
be secured by the state, but too overwhelming a social policy needs to be avoided, because of 
the fear it may jeopardise work intensity, entrepreneurship and eventually the economic per­
formance of state. Good economic performance is seen as the necessary condition for the state 
to practise social policy, meaning that social policy is regarded as a dependent of economic 
growth. In the redistributive model, social policy is guided by the principle of need. Universal 
public services and transfers are supposed to provide welfare outside the private market ac­
cording to the need. The aim of social policy is not just to correct the unwanted outcomes o f 
markets but also to redistribute material well-being, following the principle of social equality.
It is tempting to place this trichotomy next to Esping-Andersen's (1990) classification about 
the three welfare-state models. Of these the liberal welfare state is said to be guided by the 
residual model of social policy, the corporatist welfare state by the adjunct model of social 
policy and the social democratic welfare state by the redistribute model of social policy. 
However, in reality, no country is located clearly in one single category in either of these 
trichotomies. We have to remember that these two trichotomies serve us only as a conceptual 
tool. The classification helps us to see how countries with different ideological, historical and 
moral foundations can produce social policy arrangements that have far-reaching similarities.
What makes the classification of social policies relevant to the measurement of poverty is that 
each social policy model has a different understanding of how to deal with a social problem 
like poverty. And any policy program against poverty has an explicit or implicit explanation 
of what it is, and why there is, poverty (Townsend 1979,64). Or better, they usually embody 
an explanation o f the immediate causes of poverty (ib. 62).
The social policy arrangements of the United States correspond well with the residual model 
of social policy. Old age pensions and health care are dealt with mainly by private insurances 
and social assistance programs are means-tested and somewhat stigmatising. Residual social 
policy is inclined to handle poverty as a personal failure, especially if it is a persistent condi­
tion. The lack of character and the culture of poverty that the poor have created for themselves
is seen as the main reason for persistent poverty. The counterproductive culture of poverty 
prevents the poor from escaping poverty and they often pass on their counterproductive values 
and way of living to their children, sentencing them to poverty. So (residual) social policy 
programs against poverty are often targeted, and means-tested, to strengthen the personal re­
sponsibility of the poor over their situation and to weaken the culture of poverty and welfare 
dependency. Hence, the guiding principle of residual social policy is to help the poor to live 
without social policy.
The redistributive social policy model regards the responsibilities of the state in a completely 
different light to that of the residual social policy model. Redistributive social policy sees that 
the state’s responsibility is not just to correct the possible failures of family or markets, but to 
redistribute welfare that the markets produce on the basis of need and equality. In the 1970's, 
Sweden came close to the ideal of a redistributive social policy: high level and universal ser­
vices and social security with almost universal social assistance, together with egalitarian 
wage and tax policy aimed to compensate the distribution of income. The causes of poverty in 
the redistributive social policy model are seen to be in the structure of society and markets. 
Market forces mean that certain segments of the population are inevitably going to be worse- 
off and therefore poverty is essentially a structural problem. Alleviating poverty is not seen as 
responsibility of a targeted policy program, or even a single policy branch. Poverty is tackled 
with the whole policy spectrum: with universal social transfers and social assistance, backed 
up with other policy programs such as employment and housing policy programs.
The adjunct social policy model can be placed in many respects between the residual and re­
distributive social policy models. The main goal of the adjunct social policy model is to coor­
dinate social values and economic growth, in the respect that social policy is dependent on the 
economic performance of the country. Social policy arrangements in corporatist welfare 
states, like in Germany, reflect best the idea of the adjunct social policy model in many re­
spects. The adjunct social policy model perhaps comprises of the most down to earth view on 
poverty. Policy programs against poverty are designed for the immediate causes like unem­
ployment, illness or old age. Most of the people are considered to be exposed to social risks 
that can cause poverty. However, how much misfortune is needed to force a family into pov­
erty is dependent on the resources and the life situation of the family.
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No matter what the ideal model is behind the social policy o f a country, it always needs in­
formation about the scale and distribution of poverty within its society. If different models o f 
social policy have a different understanding of what poverty is, they will naturally favour dif­
ferent methods to measure it. Both the United States and the European Union have established 
their own semi-official poverty thresholds for administrative purposes: the US Census poverty 
threshold in the United States and the relative poverty threshold in the EU. These poverty 
thresholds can be seen to reflect a different idea o f the purpose of a social policy. The US 
Census poverty threshold is often referred as an absolute threshold, where a panel of experts 
define the minimum income level for each size of a family, below which a household is con­
sidered poor (see Ruggles 1990). Hence, the US Census poverty threshold is understood to be  
a minimum income threshold below which, a family cannot function in the society. The Euro­
pean Union has adopted a different way to measure poverty: the poverty threshold is meas­
ured as a fraction of average income. This relative poverty threshold reflects the idea that 
poverty is being too far below the customary living standards and the way of living in the so­
ciety (see Atkinson et. al. 2002).
We might say that the US Census poverty threshold reflects the ideas of residual social policy 
model and the EU relative poverty threshold reflects the ideas of adjunct and redistributive 
social policy models. The EU relative poverty threshold encompasses the idea that poverty 
and social inequality are bound together. Poverty is seen to have a connection with the income 
distribution and too large income inequalities causing social, as well as economical, problems. 
The US Census poverty threshold is, or at least it tries to be, independent from changes in the  
income distribution. It reflects the idea that poverty and economic inequality are two separate 
issues and that the latter is not necessarily a concern to public policy.
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1.5 Conclusions
We started this introductory chapter by asking three questions: what is poverty, why is there 
poverty and why should we try to measure it? It was shown that, in contemporary welfare 
states, poverty is understood to mean relative poverty. Relative poverty is defined as a lack of 
resources to participate in the activities, and have the living conditions and amenities, that are 
customary in the society to which one belongs. However, the question of what poverty is is 
tackled quite superficially, as we return to the definition in the next chapter. Why there is 
poverty even in affluent welfare states is explained, on a very general level, on one hand by 
the supported style of living and prevailing living conditions, and the production and alloca­
tion of resources on the other. The distribution of resources and the desirable style of living 
are in constant interaction and together they determine the conditions and expectations of liv­
ing without deprivation. The answer to the question of why we should study poverty is sim­
ple: so that we can do something about it. There are both moral and social justifications as to 
why we should try to tackle (relative) poverty. Poverty is also a form of inequality that can be 
seen to cause negative social consequences that, in the extreme, affect the economic perform­
ance of the country.
In section three, the historical development of poverty measurement is presented. The meas­
urement of poverty started in the early 20th century with the use of an absolute income 
threshold for buying food of minimum nutrition. It was not until the 1970s that this absolute 
income threshold was replaced by the relative income threshold. However, this shift took 
place mainly in Europe. For example, the US Census still uses the absolute income threshold. 
Since then the measurement of poverty has expanded, both in scale as well as in diversity. 
Contemporary sociological poverty measurement has moved towards the use of multiple indi­
cators and longitudinal research settings. The use of multiple measurements means that direct, 
indirect and subjective indicators are used side-by-side for measuring poverty. The dynamic 
approach emphasises that poverty is a temporal phenomenon and, for this reason, it should be 
studied longitudinally using panel data. Multidimensional and longitudinal measurement is 
presented as the framework in which this study will operate.
Section four shows the close connection between the way poverty is measured and the social 
policy that is exercised. Each measurement of poverty holds explicitly or implicitly an expla­
nation of what poverty is. For this reason different social policy models tend to favour certain
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poverty measurements and disregard some others. The residual social policy model, for ex­
ample, does not favour the relative poverty measure that defines poverty as having an income 
that falls too far below the average in the society. On the contrary, the relative poverty meas­
ure fits nicely with the definition of poverty that prevails in the redistributive (or universal) 
social policy model, where poverty is understood to be a structural problem, connected to a  
more general question of equality.
This introductory chapter presented the two main components of poverty research, the defini­
tion and the measurement of poverty, and how they relate to a larger social political context. 
Now we will look in depth at the definition and measurement of poverty in sociological pov­
erty research, which distinctively concentrates on the identification of the poor, and how th is 




2. TH E CONCEPT AND MEASUREMENT OF POVERTY
2.1 Introduction
To answer the question how much poverty there is within a society, and who the poor are, 
is not a simple task. Intuitively, we know who the poor are. However, estimates of how 
many and what kind of people and families live in poverty cannot rely just on intuition. 
First of all, the estimation of the prevalence and distribution of poverty needs a criterion, or 
a set of criteria, on which the identification of the poor (from the non-poor) is based and 
this identification has to correspond our understanding, or the definition, of poverty. The 
only correct answer to the question of how much poverty there is, and who is poor, is ’it 
depends', and it depends, specifically, on two things: how we define poverty and how we 
measure it.
In this second chapter, we focus on the definition of poverty and how it is operationalised 
for measurement purposes. After the introduction the definitions of absolute and relative 
poverty are presented and compared in section two. We will then see how direct, indirect 
and subjective indicators are derived from the concept of poverty.
Section three moves from the concept of poverty to the actual measurement of poverty. It will 
show how poverty indicators can be divided into two major categories: head-count classifica­
tions and poverty indexes. Then, the different steps of the measuring process will be pre­
sented. This starts with the selection of the unit of analysis. Then we will look at the vector of 
attributes that is measured. Finally, we will discuss how to set a poverty threshold in this vec­
tor of attributes.
In the fourth section, it will be shown how a head-count classification can be used in conjunc­
tion with other head-count measures in a multidimensional measurement. We will then see 
how a head-count measure can be turned into a longitudinal measure by using it in repeated 
measurements. Section five ponders the issues of validity and reliability in poverty measure­
ment, especially in longitudinal poverty measurement. Using panel data brings some addi­
tional measurement requirements, because random measurement errors will have a different 
effect on longitudinal estimates than on cross-sectional. The chapter ends with a summary 
section that will draw together the main aspects of operationalising the concept of poverty.
2.2 Definitions of poverty
A definition of poverty usually refers to two things: low resources and poor living conditions. 
This dual reference tries to separate a voluntary modest way of living from involuntary depri­
vation. In other words, poverty is seen as a condition where there are no resources to escape 
the situation. Classically, two major traditions for defining poverty have been distinguished: 
absolute and relative. Rowntree's (1941, 102-3) definition of absolute poverty as a minimum 
subsistence was one of the first formal definitions and it was the dominant interpretation from  
the beginning of the 20th century until the 1970's:
...(P)overty line represents the minimum sum on which physical efficiency cou ld  
be maintained. It (is) a standard of bare subsistence rather than living. ... N oth­
ing must be bought but that which is absolutely necessary for the maintenance o f  
physical health, and what is bought must be of the plainest and most economic 
description.
However, many poverty researchers have pointed out that this absolute (physiological) p o v ­
erty line is, in fact, relative, since what is needed for a physiological ability to operate within a  
society is determined by the requirements of that society. This criticism culminated in th e  
1970's with a fundamental change in the understanding of poverty in the academic and public 
spheres. Poverty began to be conceptualised as relative - in other words, as inadequate r e ­
sources to maintain an acceptable way of living in the society in question. This also m eant 
that poverty researchers began to include the inequality o f society within their findings since 
the poverty line was now drawn using the income distribution. Before this shift, poverty w as 
generally seen more as a moral impetus or as an issue involving the maintenance of social 
order than as an issue of inequality. (Townsend 1971,2; Townsend 1979,64.)
The relative definition of poverty is largely accepted in present-day welfare research, although 
there are researchers, as well as section of the public, who do not support a relative definition 
of poverty. Perhaps the most well-known and lasting definition of relative poverty was b y  
Townsend (1979,31):
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Individuals, families and groups in the population can be said to be in poverty 
when they lack the resources to obtain the type of diet, participate in the activi­
ties and have the living conditions and amenities which are customary, or at 
least widely encouraged, or approved, in the societies to which they belong.
In other words, Townsend defined poverty as relative deprivation caused by the lack of re­
sources. Hence, his definition of poverty is based on the concept of deprivation (see ibid., 
413). Since Townsend refined his definìtion(s), there have been many attempts to present an 
alternative view. However, Townsend's definition has maintained its central position, in par­
ticular, if we understand ’lack of resources' sensu latiori as a lack of material and non-material 
resources. The European Union has also defined poverty in relative terms for its policy pur­
poses. The European Council of Ministers decision of 1984 defined the poor as (Atkinson et 
al. 2002, 78):
individuals or families whose resources are so small as to exclude them from the 
minimal acceptable way of life of the Member State in which they live.
It is not difficult see the similarity between the latter definition and Townsend's. The relative 
definition of poverty has also received criticism, based both on empirical data and theory. 
Perhaps the most robust criticism is based on the fact that empirical studies have not found an 
undisputable threshold in the distribution(s) of resources, below which, maintaining an ex­
pected way of living would be not possible. On the contrary, the connections between re­
sources and poor living conditions have been found to be anything but a simple (causal) one. 
Ringen (1985) especially criticised the assumption that welfare is a function of material re­
sources alone. However, this criticism is targeted towards the problem of establishing a statis­
tical association between resources and poor living conditions. The spearhead of this criticism 
is pointed to the way poverty is measured, not so much towards the relative definition of pov­
erty.
Sen (1983), on the other hand, emphasised that poverty is not just relative, but also absolute. 
He defined poverty as a failure to achieve certain minimum capabilities and, according to 
him, the lack of capabilities is absolute. However, capabilities are not fixed over time or over 
societies. ‘Absolute' in Sen's definition means that there is a threshold in capabilities after 
which functioning within the society is no longer possible. He criticised Townsend's relative
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definition in that it did not make an explicit distinction between the different spaces (or d i­
mensions) in which the definition of poverty should be based (Sen 1985). Though differences 
in the space of commodities and resources are relative in the sense that they can produce a  
qualitative (i.e. absolute) difference in the space of capabilities.
However, how poverty is defined is not as straightforward and clear as it might seem above. 
In practice, it is often impossible to differentiate between resources, capabilities and liv ing  
conditions. For example, having no phone or living in an urban ghetto can be seen either as a  
lack of resources or as poor living conditions. Hence, the conceptual distinction made b e ­
tween recourses and living conditions is not always clear. Constructing an empirical m eas­
urement that would guarantee the dual condition of the relative definition of poverty, i.e. th a t 
the living conditions are poor because of the lack of resources, has proven to be a very d iff i­
cult task. Attempts to create a poverty measure that would guarantee the dual condition h av e  
not been promising, despite intensive input (see Ringen 1985). Even Townsend could not p re ­
sent an empirical poverty indicator that would have indisputably met the dual condition of h is  
poverty definition (see Townsend 1979,267; Townsend 1987).
The tree diagram in Figure 2.1 demonstrates how direct, indirect and subjective measures a re  
derived from, or relate to, the concept of poverty. Concept of poverty is at the top and the a c ­
tual empirical indicators that measure the manifestations of poverty are shown at the bottom , 
the result o f seven choises. The first selection we make in the measurement is, do we m easure 
poverty as an objective or a subjective phenomenon? In other words, do we view that o n ly  
objectively observable phenomena are valid manifestations of poverty, or is a subjective fe e l­
ing about poverty enough, or even necessary?
Figure 2.1 Conceptual and measurement levels o f poverty
Many scholars do not consider a subjective feeling as a necessary or a sufficient condition for 
poverty (for example Townsend and Sen), but there are others who argue that the subjective 
viewpoint can be an important and, even a valid, indicator for poverty (for example 
Hagenaars). The question ’Are you poor?’ would be the perfect indicator of poverty if every­
body shared a single understanding of on the acceptable level of well being and used exactly 
the same verbal description for expressing it (see Hagenaars 1986). Unfortunately for poverty 
research, people tend to have different ideas of what is the acceptable way of living that 
should be met and differing views on abstract concepts like poverty. One way to amend this 
problem is to let the respondents determine 'collectively' what is poverty. In the so-called con­
sensual method(s), the poverty threshold is estimated either (indirectly) by asking respondents 
what is the minimum amount of money their household would need to make ends meet, or by 
(directly) asking what consumption items they would consider necessities (see Hallerod 
1995). However, the consensual method cannot be taken as purely subjective measurement
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anymore, since a person is classified as poor or non-poor regardless her own view. Subjective 
measures should measure, by the definition, subjective views. So when the manifestation o f  
poverty is measured subjectively, it should be measured with subjective questions, such as: is 
the household able to make ends meet? Townsend (1979, 418) defined these kind of subjec­
tive questions as measures of subjective deprivation.
When poverty is treated as an objective phenomenon, low resources and poor living condi­
tions are seen as the manifestations of poverty (Ringen 1988). Poor living conditions are often 
measured with deprivation indexes that are simple sum variables, constructed by summing up 
the lack of some essential durables or commodities or deficits in housing and the living envi­
ronment. Resources can be broken down into material, social and personal resources. The lack 
of material resources is usually measured in terms of disposable income. Social and personal 
resources, like family relations or health, are not commonly used in poverty research, al­
though they can have a large impact on an individual's well-being. The main reason for this 
situation is probably the lack of reliable data containing information about social and personal 
resources. Data on incomes and other material resources are easier to collect and therefore 
more easily available.
The grey line in the Figure 2.1 separates the conceptual and measurement levels of poverty. 
There are numerous roots from the top level, that describes the pure concept, to the measure­
ment level. All possible roots are not even presented in the diagram. This shows that there are 
numerous indicators to measure poverty and none of the indicators is indisputably the best o r  
the right method. It is commonly recognised that poverty has multidimensional manifestations 
(Atkinson et al, 2002, 78). This multidimensionality brings additional difficulties to the meas­
urement of poverty. One way to circumvent this problem is to simply use more than one indi­
cator to measuring poverty. This is the method we will use in this study. In the next section 
we will study more closely how the concept of poverty can be operationalised into various 
head-count poverty classifications.
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2.3 Operationalising the concept of poverty
2.3.1 Measuring the poor or poverty
The fundamental division in the field of poverty measurement is between simple head count 
measurements and more complex aggregated indexes (see Sen 1979). Sociologists generally 
use simple head count indicators, which identify and calculate the number of poor people 
and/on families in society. The head count method is usually a sufficient and appropriate 
method for answering research questions in sociological poverty research. Locating poverty in 
society is often information that is needed for social political decision-making and administra­
tion and head count methods are sufficient for gaining this. More complex poverty indexes are 
mainly the signature of those economists who are interested in poverty measurement. Simple 
head count measurements were found to be in the 1970's unsatisfactory for their purposes 
(Watts 1968, Sen 1976). They started to construct different poverty indexes by combining 
simple poor/not poor indicators with other indicators that measured e.g. income, among the 
poor. These aggregated indexes typically seek not simply to count the poor, but also to quan­
tify the extent of their poverty.
Most post 1970's literature in Europe concerning poverty measurement among economists has 
concentrated on developing these poverty indexes, often together with measurements of ine­
quality like the Gini coefficient1 2 or Lorenz distribution.3 This intensive work has been guided 
by several axioms that most poverty researchers in economics agree on. Two widely accepted 
axioms are that (1) the poverty index should increase when a poor person becomes poorer, 
and (2) the poverty index should be affected only when there are changes in the resources of 
the poor, but not when there are changes only in the resources of the non-poor (Ruggless
1 2 y
One of the equation for Gini coefficient is G  = 1H---------- - 2_\ (N + 1 + i)(—L), where the N is the size of
N  y
the sample, i is the rank order of income, y t is the value of the case and y  is the mean of y i . The value of the
Gini coefficient lies between zero and one, from total income equality to extreme income inequality. (Creedy 
1998,13.)
k  N
3 The equation for the Lorenz curve is L  — ( ^  y i ) / ( ^  yf) , where k  indicates those cases where income
j—i t=i
falls below the poverty threshold. The Lorenz curve shows the relationship between the proportion of people 
whose income falls below the £th income and the proportion of total income of those cases. In a case of total 
income equality, a graphically presented Lorenz curve cuts the square diagonally where the axes are the propor­
tion of people against the proportion of income. The curve 'bends' downward as income inequality increases. 
(Creedy 1998,17.)
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1990, 20). For example, the very popular poverty gap index meets the first axiom and if the 
poverty threshold in the index is determined non-relatively, then the index also meets the sec­
ond axiom. The equation for the poverty gap is (Foster et. al. 1984):
P  =
N i t z '
[2- 1]
Where N is the number of total cases, z is the poverty threshold in the (equivalized) income 
distribution, q is the number of cases who have an income below this threshold and 
g i = z  -  (income)i is the poverty gap of a household (or a person). The value of the poverty
gap ranges between 0 and 1. This value may be used to study how far below the poverty 
threshold, the income of the poor falls, either in the total population or among different social 
groups.
The level of sophistication and amount of information naturally increases when using these 
aggregated poverty indexes when compared to simple head-count measures. However, this 
increase in information is gained at the cost of comprehensibility. Even researchers who gen­
erally use highly aggregated statistical indexes occasionally find it difficult to interpret the 
source o f changes in even the simplest of poverty indexes, such as the described poverty gap. 
Busy social policymakers with a modest grounding in statistics find it even more difficult to  
understand complex poverty indexes. From their perspective, the crucial difference between 
different poverty measurements is the definition of poverty underlying the indicator, not in the 
details or construction of the indicator (Ruggles 1990,14).
In this study, only head-count measurements are used and aggregated poverty indexes like the 
poverty gap or the ordinal poverty measure are just presented as a reference. The reason fo r 
this is that most of the influential poverty measurements used in social policy are simple head 
count measurements. Also, the most crucial error of measurement in poverty indexes is de­
rived from the identification of the poor from the non-poor on which the whole complex con­
struction of the index is based. With simple head-count measurements we can study this error 
more directly.
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2.3.2 The unit of analysis and differences in needs
The first task to fulfil in the head-count measurement of poverty, as in every measurement, is 
to define the population to which we want to generalize our results. This is not usually diffi­
cult; we want to generalize our results to the population where we have drawn the sample, for 
example, every person in a country. But in the case of poverty measurement, defining this 
sphere of generalization is not that simple, because it is widely accepted that the family is the 
most important unit to allocate wealth and the source of welfare to. So, usually in poverty 
research, income and welfare is measured at the family level, because the distribution of wel­
fare inside the family is assumed to be equal and democratic. The logic of the allocation of 
welfare inside the family is thus assumed be altruistic and reciprocal. However, this assump­
tion of altruistic allocation according to the needs within the family is not necessarily a valid 
assumption (Jenkins 1991, Nolan & Whelan 1996, 43.), since we do not have systematic 
knowledge about distribution within the household.
Therefore, the poverty status of a person is usually determined by the poverty status of his/her 
family. When using the family as the unit of measurement, we have to make different-sized 
families with different needs comparable.4 Because a family's income strongly depends on the 
numbers of earners in the household, most of the literature on poverty research regarding the 
ways to make different households comparable is concentrated on how to equalise a house­
hold's income according to the needs of the family. A common method for doing this is to use 
an equivalisation scale to calculate the household’s income per consumption unit. The most 
widely used equivalisation scales for family incomes are the classical OECD scale, the modi­
fied OECD scale and the square root scale.5 These scales can be formally presented as:
4 This is an issue that needs to be resolved especially if we measure poverty as a lack of resources. This is not 
such a problem when poverty is measured as poor living conditions or as a subjective view. Durables that are 
considered as essential or the level of accommodation, for example, can be defined in such a way that compari­
son between families is possible. However, households do have different needs according to their size and com­
position, living area, etc., so that defining what living conditions are too low for different kinds of households 
can be difficult. And, with the subjective view of poverty, the problem is whose subjective views in the house­
hold are taken account and who’s are not.
5 To calculate expenditure per consumption unit, there are very similar equivalence scales (e.g. Poliak & Wales 
1979), but they are less widely used, which reflects the fact that family expenditures are rarely used in the meas­
urement of poverty. One reason for this is that detailed and reliable information on consumption is not readily 
available compared to data on household incomes.
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5, (classic) = 1 + (a¿ -1 ) * 0.7 + c, * 0.5 
5, ( m o d ) = 1 + (a, -1)  * 0.5 + c¿ * 0.3 [2-2]
Si (square) = ^ a i +ci
where is the number of the adult members in the i household and c, is the number of ch il­
dren in the i household. For example, in the modified OECD scale, every additional adult in ­
crease the weight by 0.5 and every child by 0.3. Dividing the household’s net income by th e  
coefficient o f the equivalisation scale gives the disposable income per consumption unit. T h e  
logic behind the use of equivalisation scales is that a bigger household has more needs than a  
smaller household and an adult has more needs than a child. Weighting bigger households and  
households where there are more adults is a method by which to estimate the quantity of the  
needs of a household. A family is also assumed to gain advantage of scale in large purchases. 
This is why (usually) the equivalisation scale is not calculated simply by dividing household 
incomes with the number of (adult) family members. Also, families with children are seen to  
need more income to achieve the same well-being than a family without children since ch il­
dren increase the needs of, and bring new needs into, the family. But in the end, equivalisation 
scales are more assumptions and agreements than a result of empirical studies or theoretical 
derivations.
By dividing a household’s incomes by an equivalisation scale, we get the income per con­
sumption unit in the household, which is a standardised and comparable income unit which 
can be used over different sizes and types of households. The equation for calculating th e  
equivalent income C, for the i household can be presented as:
where the ƒ,. is the total net income of the i household and the 5, is the number of the fam­
ily's consumption units, calculated using an equivalisation scale in [2.2]. A household is then 
classified as poor if its equivalent income falls below the poverty threshold Fp, set usually by
a function of the distribution of equivalent income C i . Often the function is 50% or 60% o f  
the median. For example, the recommendation of Eurostat is 60% of the median threshold and
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the OECD modified scale. This relative financial poverty classification can be presented for­
mally as:
Cf > Fp (= 0.6 * M ed{— —--- )) => nonpoor
¡(modified
Cf < Fp (= 0.6 * M ed(— —— )) => poor
^iimod ified
[2.4]
Naturally, it is possible to calculate different financial poverty lines for different kinds of 
households and this way avoid using an equivalisation scale. (Actually, this matrix of poverty 
thresholds would be its own equivalisation scale.) For example, the very influential US Cen­
sus poverty threshold is a matrix of financial poverty thresholds, presenting a real dollar 
amount threshold for each type of family (Poverty in the United States: 2000, 5). This method 
has not gained the same popularity in Europe as the equivalisation scales, although perhaps 
only for practical reasons: equivalisation scales are easier to use and interpreting one poverty 
line is quicker. However, if we calculate the poverty thresholds in real euros for different sizes 
and types of households using the modified OECD scale, we can see that the matrix of finan­
cial poverty thresholds is very similar with the matrix used by the US Census. In other words, 
the modified OECD scale and the US Census poverty threshold matrix seem to give almost 
identical weights to the same size and type households. Differences become noticeable only 
when family sizes increase, but since the majority of people live in relatively small house­
holds, we can say that the OECD modified scale and the US Census poverty threshold 
weights the needs of different sizes and types households very similar way.
There is extensive literature proposing different techniques, several more than presented here, 
to standardise a household's income according to its needs (Nolan & Whelan 1996, 44-7). 
However, most equivalisation scales are based on the same assumptions and formulations as 
the scales presented in [2-2], where adults have a heavier weighting than children. (For a re­
view on equivalisation scales used in different countries, see Atkinson 1995, 80-1: Citro & 
Michael 1995,167). There are several studies showing that a selected method for adjusting a 
household’s income to its needs has a substantial effect on financial poverty figures. Different 
households can be identified as (income) poor depending on the kind of equalisation scale that 
is used. The decision of Eurostat to change the old OECD scale to the modified OECD scale 
has caused much debate, both among scholars and politicians (see Ritakallio 2002). Although
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the new eq u alisa tio n  scale does not change the poverty rates or the rank order between the 
EU countries much, it changes the distribution of poverty in the population. By giving less 
weight to households with children and larger households in general, the modified OECD 
scale gives lower child poverty rates but higher poverty rates among single households than 
the former OECD equivalisation scale (see equations in [2.2]).
One way to resolve the problem that is caused by different results depending on the equivali­
sation scale used, is to carry out so-called sensitivity analysis, where financial poverty lines 
are calculated using different equivalisation scales and then the results are compared (see At­
kinson 1998, 37-41). But the main problem still remains: the difficulty in estimating the needs 
of different kinds and sizes of households. This difficulty may also be why so many poverty 
researchers favour poverty indicators that identify poor households directly from poor living 
conditions. This, however, simply changes the name of the problem. The question of need is 
now presented the other way around: what are the adequate standards of living for different 
kinds and sizes of households? For example, a car can be considered a necessity for a person 
with a disability living in the countryside, but for a single adult living in a city, a car can be 
more of a nuisance than a necessity. So, the needs o f the household determine the amount o f  
resources, but also to some degree, the level and the quality of living conditions that is needed 
to live without deprivation.
2.33 Direct, indirect and subjective measures
In order to identify the poor, we naturally need an indicator that indicates those who are poor. 
Hence, we need a measure that can be said to measure a manifestation of poverty. The best 
poverty indicator would be, of course, one that would (1) classify those and only those as poor 
who really are poor and (2) have plausible theory to explain why the measured phenomenon 
occurs only if, and when, the subject is poor. As was discussed earlier, an indicator like this 
does not exist. The actual measurement of resources, living conditions and a subjective view­
point is a difficult task. However, three types of indicators have secured their position in pov­
erty research. These indicators measure either low resources, poor living conditions or a sub­
jective view of deprivation as the manifestation of poverty. These three groups of poverty
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indicators were presented already in figure 2.1 and these groups are often called direct, indi­
rect and subjective measures.
Measurements that use low resources as an indication of poverty, measured either as income 
or consumption, arc often referred to as indirect measurements of poverty (Ringen 1988). In­
direct poverty measurements are probably the most widely used when determining whether a 
household is poor or not. In indirect poverty measurement a household's6 available material 
resources, usually the disposable income per consumption unit, are estimated and if they fall 
below a specific threshold, the household is identified as poor. A detailed definition of dis­
posable income can be very long, but disposable incomes can be defined in general terms as 
income that is left under a household's control after income taxes and social insurance contri­
butions from salary and self-employment earnings, capital and other non-work private in­
comes and social transfers. Indirect poverty indicators that use the distribution of income to 
identify the poor are also called as financial poverty indicators.
Measuring the actual use of material resources, in other words, measuring poverty as low ex­
penditures or as a low consumption, is technically similar to measuring financial poverty (see 
Jantti & Danziger 2000, 319-20). There are some advantages and disadvantages in using low 
consumption to indirectly measure poverty, however. One strength of estimating poverty 
status from low expenditures is that, for example, huge variations in housing costs between 
regions and countries can be taken into account. However, reliable data on household expen­
ditures is not as easily available as data on household incomes and this is probably the main 
reason why indirect poverty measurement based on low expenditures is not frequently under­
taken.
'Indirect' refers to the fact that these indicators measure poverty indirectly, in other words, 
they measure the lack of resources that is assumed to cause deprivation. Indirect poverty 
measures have been criticised for assuming that welfare is a function of material resources. 
Several empirical studies have shown that the correlation between low material resources and 
poor living conditions is complex. This criticism culminated in the 1980s when Ringen (1985) 
published his influential article, pointing out the logical break between the relative definition 
of poverty and the indirect poverty measures that where supposed to be operationalisations of
6 The unit of measurement is not always, and does not necessarily have to be, a household, but it is the most 
widely used (see previous chapter) and for the sake of clarity, it is used here consistently.
the definition. Ringen suggested that poverty should be measured directly as poor living co n ­
ditions.
Measuring poor living conditions as the manifestation of poverty has gained much popularity 
since the 1980s. There are two probable reasons for this. First, there is a logical break, as R in ­
gen pointed out, in measuring poverty as a lack of resources but at the same time defining 
poverty by referring to poor living conditions. Secondly, empirical studies have shown that a  
household’s disposable income is a weak predictor of deprivation, i.e. that there is a w eak 
overlap between those households identified as income poor and households identified as hav ­
ing poor living conditions (e.g. Hansen 1987, 166-7). This is usually interpreted as a w eak­
ness of indirect measurements. Several deprivation indexes have been developed for directly 
measuring poor living conditions to identify the poor. Most of these indexes are simple sum  
variables, calculated from a set of dummy variables, in which each variable indicates the lack  
of some essential consumer durable, problems with accommodation, etc. (e.g. Mack & Lan- 
sley; Townsend 1987).
Both indirect and direct poverty measurements are called objective poverty measurements, 
since it is the researcher who makes the judgement on whether the household is poor. T h is 
does not give the informant / respondent the chance to give his/her own interpretation o f  
his/her situation. Thus, the third type of poverty measurement uses the informant's subjective 
perception on her financial/material situation as the indicator of poverty. The sphere of sub­
jective indicators includes all possible ways that the subjective view of being poor or deprived 
can be measured. A very popular method is to ask the household if it is able to make its ends 
meet every month, but there are several other question patterns for measuring the subjective 
view of deprivation (see Piachaud 1987). Also social exclusion has been measured with sub­
jective measurements (e.g. Heikkilà & Sihvo 1997).
In fact, the question ’Is your household poor?’ would be the perfect indicator of poverty if eve­
ryone shared one understanding of the minimum level of well being and they would use ex­
actly same verbal description for expressing it (see Hagenaars 1986). However, people tend to  
have different ideas, for example, on what is the minimum level of well being that should be 
met, and also a different understanding of abstract concepts like poverty. For these reasons, 
subjective deprivation measurements have been criticised. Also, many people do not consider 
a subjective view to be a sufficient or a necessary condition of poverty (e.g. Sen 1977). How­
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ever, figures of subjective feeling of deprivation give valuable information on the satisfaction 
of people, and also, valuable information, against which information from the objective pov­
erty measures can be compared.
One possible solution to the disagreement as to the best method of measuring poverty di­
rectly, indirectly or as a subjective view is simply to use direct, indirect and subjective meas­
ures side-by-side. This means measuring poverty with more than one head-count indicator. It 
is generally acknowledged that different indicators give differing pictures of poverty. To cor­
rect this problem, we could use all the three type of indicators together side-by-side, without 
any attempts to aggregate them, and in this way gain a more comprehensive and reliable pic­
ture of poverty. This will be the method applied in this study.
23.4 Poverty threshold in a distribution
The final decision be made when constructing a head-count poverty measurement is to deter­
mine where to set the poverty threshold in a distribution of resources, living conditions and 
subjective views. The cut-off point will divide households into poor and non-poor according 
to their score in the selected distribution. How the poverty line is determined in the actual and 
final measurement situation can be categorised into three types: the use of a function, the use 
of a fixed threshold, or the use of multiple criteria. In practice, all three methods often influ­
ence the judgement simultaneously. Thus, these methods of setting the poverty threshold are 
more like ideal types, not exclusive categories.
When the poverty line is defined as a function of a distribution, the attributes of a sample will 
determine the place where the poverty line is set. In most cases, this poverty line is a function 
of the income distribution. For example, the relative financial poverty threshold of the EU, 
which was presented earlier, determines a household’s poverty status by using 60% of the 
median income of all households as the poverty threshold.
A fixed poverty line is set before measurement, using (additional) information from outside of 
the sample. Experts, administration, etc. decide this fixed poverty line. At the national level, 
the most influential fixed poverty line is probably the income threshold where low income 
households are identified as poor when they are for eligible (because of their inadequate in­
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come) for means-tested social assistance.7 Another influential fixed poverty line is the U .S. 
Census poverty threshold, which is defined as the minimum amount of money that a fam ily  
has to spend on food multiplied by three, because it was estimated that families spend one- 
third of their net income on food (Citro & Michael 1995,24).
The poverty line can also be judged as an intersection or an accumulation of fixed and /o r 
function thresholds. This type of threshold can be called the multiple criteria threshold. A  
well-known example of multiple criteria for setting a poverty line is Townsend’s d u a l­
condition poverty measurement, where the poverty threshold is the intersection in the incom e 
distribution after which deprivation starts to increase rapidly. The multiple criteria method is  
also used when the poverty threshold is defined as the overlapping of poor living conditions 
and resources (e.g. Goodin et. al. 1999, Nolan & Whelan 1999). Eurostat's (1998) m easure­
ment of multiple problems with accommodation (accumulated housing deprivation) can a lso  
be viewed as a poverty measurement with a multiple criteria threshold.
Naturally, this classification does not fit the reality perfectly: all poverty thresholds are m ore  
or less dependent on some average level in society, fixed beforehand and based on several 
criteria. For example, even the material resources needed for minimum nutrition is dependent 
on the society at hand, since the threshold also depends on the average living costs in the so ­
ciety. Also, these categories are not clearly exclusive or exhaustive and categorising them is 
meant to be a rough simplification of the different ways of setting poverty thresholds. T here  
are several alternative methods to determine the poverty threshold in a distribution of re ­
sources, living conditions and subjective statements (see Kangas & Ritakallio 1998,170).
7 However, social assistance erases or at least is supposed to erase poverty. Because of this, receiving or not 
receiving, social assistance is a problematic classification when used in conjunction with other poverty measures.
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2.4 Measuring poverty as longitudinal and multidimensional phenomenon
2.4.1 Measuring poverty as a multidimensional phenomenon
A measurement device is the tool that is used to translate an observed phenomenon into the 
language of statistical mathematics. In doing so one has to justify that the scale corresponds 
with the measured phenomenon and that the measurement device is reliable and valid. Some­
times this justification is easy. For example, when classifying people according to their gen­
der, the scale is a dichotomy and it is easy to construct a valid and reliable measurement de­
vice. The survey question ’are you male or female?’ with two choices of answer 'M ale=l, Fe- 
male=2' is a reliable and valid measurement device for the classification. The value one is 
then treated as value that one has if (and only if) one is a man. The small number of misclassi- 
fications are due to measurement error when a woman (or a man) has marked the value one 
(or two), because of carelessness or just for fun. This is an example of one-dimensional meas­
urement, where there is no uncertainty about the vector of attributes that is measured (man or 
woman) and there is a simple, reliable and valid measurement device for measuring it.
However, phenomena that interest social scientists are often complex abstractions, like social 
class, mobilisation - or poverty. They are difficult to observe, not to mention measure, di­
rectly. The conceptual construction of terms like poverty or class is often like a tree diagram, 
where the actual (supra) concept is on the top, related to sub concepts via theoretical deriva­
tion. Usually in the practical measurement situation, the supra-concept can be measured only 
by operationalising its sub concepts. For example, poverty is usually measured by operation­
alising the lack of resources, poor living conditions or the subjective view of deprivation. This 
results in a set of different indicators, where each indicator measures poverty from a different 
angle and none of the indicators are indisputably better than the other.
Hence, the simple question, 'are you poor?' is not necessarily an adequate device for measur­
ing poverty. Although most of us agree that a subjective view is part of what is understood by 
poverty, nevertheless, few would argue that a subjective view is a sufficient or a necessary 
condition for indicating poverty. Other aspects of poverty need to be measured, like lack of 
resources or poor living conditions. This observation points towards the idea that more than 
one indicator should be used, perhaps side-by-side, for the satisfactory understanding of a 
multidimensional phenomenon like poverty. This is why many believe that poverty should be
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measured together with direct, indirect and subjective indicators so that each indicator can  
give complementary information on the differing aspects of poverty.
Hence, all the methods for classifying households to the categories of poor or non-poor, a re  
hampered by difficulties in actually measuring things like low income, poor living conditions, 
low consumption, the subjective view of poverty and so on. The most disturbing consequence 
of these problems of classification is that quite different groups are identified as poor by d if­
ferent methods and poverty indicators (e.g. Atkinson 1998, 11). One solution is to treat differ­
ent methods and indicators as complementary methods for gaining information on a social 
problem that has multidimensional character.
So after two decades of dispute between different schools on how poverty should be m easured 
by one 'true' indicator, the trend in present-day sociological poverty research is towards m ulti­
dimensional measurement. Multidimensional measurement is carried out with a set of head- 
count indicators that include direct and indirect measurements as well as possible subjective 
indicators (see Muffels et al. 1992; Kangas & Ritakallio 1998; Bourguignon & Chakravarty 
2003; Moisio 2004). Hence, poverty is measured using several indicators side-by-side, w ith ­
out an attempt to aggregate them into one index. On the contrary, there are as many estimates 
for poverty as there are indicators. Thus, poverty is defined as a multidimensional phenome­
non, and different ways to measure poverty are seen as alternative ways to gain complemen­
tary information on the same complex social phenomenon. In the multidimensional approach 
it is accepted that one estimate or index cannot give a satisfactory picture of poverty.
2.4.2 Measuring poverty as a longitudinal phenomenon
Alongside the realisation that poverty can be multidimensional, it has also become acknowl­
edged that poverty should be analysed as a longitudinal phenomenon. Taking the temporal 
aspect into consideration is seen essential both to understand poverty and for the development 
of a social policy (Bane & Ellwood 1984). The changing view of poverty from a static condi­
tion to a dynamic process is perhaps connected to the debate around social exclusion w hich 
took place in Europe around the turn of the millennium. In the United States, longitudinal 
poverty research has flourished. Poverty has been treated in the US, both in politics and aca­
demic research, more explicitly as a  temporal and dynamic phenomenon. Concepts like th e
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underclass or the culture of poverty, which have always been more popular in the US than in 
Europe, emphasise the temporal nature of poverty. The European Union and Eurostat have 
recognised the need for longitudinal poverty research in Europe and as a response to this 
need, a large EU-level household panel called the European Community Household Panel 
(ECHP) was launched in the mid 1990s.
There are three aspects in longitudinal poverty that can be studied, according to Jantti and 
Danziger (2000): (i) the duration of poverty, (ii) the distribution of poverty spells in the popu­
lation and (iii) the likelihood of future poverty spells. Walker (1994) described the time de­
pendent nature of poverty by four dimensions that determine the pattern of poverty statuses 
over time: (i) the volatility and stability of poverty statuses over time, (ii) the extent of recur­
rent poverty, (iii) the length of poverty spell and (iv) the length of the observation period. In 
other words, the distribution of poverty over time can be described by information on the 
prevalence, periodicity and duration of poverty (Fouarge & Layte 2003).
The term poverty mobility is used to describe the process where people and families enter 
poverty and, after a certain time, usually exit poverty. Poverty mobility occurs in two ways. 
First, families cross the poverty line because there is a change in their resources or in their 
needs so that the household falls in poverty, or exits poverty. Secondly, the poverty threshold 
itself can change and families who have not been considered as being in poverty before are 
now classified as poor, or vice versa. The latter type of poverty mobility, i.e. caused by 
movement of the poverty threshold, is perhaps only an issue if we use a poverty threshold that 
is a function of a distribution and use a very long follow-up period. Over a relatively short 
time period, years not decades, the annual fluctuation of a function poverty threshold is quite 
small, reflecting the fact that the shape of a distribution (e.g. income) changes slowly within 
the population. So it is quite safe to say that most poverty mobility is caused by changes in the 
resources, or the needs, of a household, or both.
Studies have shown that in many cases, changes in household incomes and living conditions 
are due to changes in the size and composition of the household itself. For example, almost a 
half of entries into poverty in the US are preceded by a demographic change in the structure 
of the household, such as divorce or an addition to the family. However, less than 20 per cent 
of exits from poverty are preceded a demographic change in a household. (Bane & Ellwood 
1986; Jenkins 2000.) This is why studies of poverty mobility focusing only on individuals
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instead of families maybe be misleading. For example, income mobility studies usually follow 
individuals and the changes in their personal incomes. Poverty, on the other hand, depends 
also on the individual's household context (Bradbury 2001,53).
Another empirical finding is that movement into, and out of, poverty is very common. F o r 
example, in the EU only about one half of the income poor were poor in the previous year. 
(Layte & Whelan 2003). This high mobility results on the proportion of population living in  
long-term, uninterrupted poverty being much lower than the proportion in poverty at any 
given moment. On the other hand, there are two to three times more people experiencing pov­
erty in the last, say, three years than there are people classified as poor at any given moment 
(e.g. Krause 1998). Bane and Ellwood (1986) had similar results in the US with a longer fo l­
low-up period. They found that the most of the people who experienced poverty were in pov­
erty only for a short period. However, their analysis discovered that the probability of the ir 
exiting poverty drops sharply the longer the period of poverty lasts.
Whelan et al. (2000) have shown that cross-sectional poverty rates and the level of poverty 
mobility, do not have any consistent relationship within the EU countries. Aber & Ellwood 
(2001) came to the same conclusion between child poverty mobility and cross-sectional ch ild  
poverty rates in the US and Europe. Whelan et al. (2000) also analysed two-way poverty tran­
sition tables with log-linear models and discovered that many EU countries have surprisingly 
similar patterns of poverty mobility, despite the differences in the poverty rates and persistent 
poverty rates (measured as being poor for two succeeding years).
lo
Some researchers have studied poverty spells, which is the time spent in poverty. Analyses o f  
poverty spells are often done with Cox regression -type models, where time is included in th e  
linear model as a continuous variable. These models are then used to study various elements, 
for example, how the probability of exiting poverty develops by the length of the poverty 
spell (Hill 1981) and the characteristics of the households who exit and do not exit poverty 
(Bane & Ellwood 1986). The main findings of these analyses have been, as was mentioned 
earlier, that the probability of exiting poverty drops sharply the longer the duration of the  
poverty spell and that events preceding poverty exits and poverty entries are not ‘mirror im ­
ages’ of each other.
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Repeated poverty classifications have also managed to somewhat alleviate the problem of 
little overlapping between different head-count poverty measures. The fact that different pov­
erty indicators identify quite different parts of the population as poor is seen a serious problem 
with the reliability of poverty measurement. Gordon (2002) has suggested that the dynamic 
approach to the measurement of poverty can solve the much-debated problem of a small 
amount of overlapping between financial poverty and deprivation classifications. He suggests 
that low income develops into deprivation with a certain period of delay. Because of this de­
lay, many people who are classified as poor according their (household’s) income are not 
(yet) classified as having poor living conditions. And when the financial poverty spell ends, 
living conditions will rise with a period of delay. This means that those who have just exited 
financial poverty, and so classified as non-poor according their (household’s) income, are still 
classified as deprived according their living conditions.
There is also empirical evidence which shows that longitudinal measurement is a more valid 
and reliable way to measure poverty than cross-sectional. Whelan et al. (2002) discovered that 
turning head-count poverty classifications into longitudinal measurements increases the over­
lapping between the groups identified as poor by the indirect and direct poverty measures. 
Hence, we can treat longitudinal measures not only as a more valid measurement (they corre­
spond better to our understanding poverty as a temporal process), but they also seem to be 
more reliable than their cross-sectional counterparts.
2.5 The validity and reliability of poverty m easurem ent 
2.5.1 Discrete and categorical scales
When we attach numbers or symbols to the answers or attributes of studied objects, we also 
adopt some perception of measurement. And, in the case of head-count poverty measurement, 
that is understood as a qualitative classification, this means categorical variables. How these 
are perceived determines the types of operations we believe that we can perform with these 
numbers, or symbols, and how we define the error of measurement. The former is connected 
to the question of the scale of measurement, the latter to the validity and reliability of meas­
urement.
Usually the question of scale is detached from the validity of the measurement, although se ­
lecting a justified and correct scale is the first step towards validity. However, this traditional 
separation is followed by the order of presentation here. The question of scale, i.e. what kind 
of (mathematical) symbols we use for describing a measured phenomenon, is often by-passed 
in the social sciences. However, the scale is our attempt to describe some of the attributes o f  
the object one-dimensionally. In other words, we translate one attribute of the observed phe­
nomenon into the language of mathematics by attaching some symbols to the observations. 
We define a measurement model for this observation converted into a one-dimensional scale. 
For the conversion, there must be a scale which corresponds to our observations and common 
sense. A higher-level scale will make use of more sophisticated statistical methods possibly, 
but the only principal for defining the scale of measurement should be the justifiability of how 
the scale describes the vector of the observations. This scale selection will then determine 
what kind o f a measurement model we can construct for measurement purposes.
Traditionally, four different levels for the scale of measurement have been presented: nomi­
nal, ordinal, interval and ratio scales. If the one-dimensional attribute that is measured can be  
only classified into different categories, e.g. red, blue, yellow etc., the only reasonable scale is  
nominal. Then we can attach symbols to these categories, e.g. R, B, Y, etc., or 4, 2, 5 etc., I f  
we can organise these categories into some order, for example if red, blue and yellow describe 
the colours of healing wounds in different stages, then attached numbers have to describe this 
order between these stages of healing, for example, I, n  and III. If the observed one­
dimensional attribute has some standard measuring unit between the categories, for example,
48
it takes 2 days for a red cut to turn to blue and from the blue colour it takes 7 days for the 
wound to turn yellow, then we can describe this phenomenon with an interval scale. The 
highest scale, ratio scale, can be used only for describing a vector of attributes that has an ab­
solute zero point, i.e. a point in the vector of attribute where the measured attribute does not 
exist. In the ratio scale we can divide the score by another score and say that the first object 
possesses the attribute, for example, four times more than the second one. (Bollen 1989.)
The biggest difference in interpreting scales is between nominal scales and other scales; in 
other words, the difference between taxonomies and traits (dimensions, vectors etc.). Tax­
onomies differ from other scales in that the object has, or does not have, the measured attrib­
ute: in other scales, objects always have some quantity of attribute. The absolute zero point in 
ratio scales is an interesting exception, but in the social sciences we can overlook this. There 
are few cases (e.g. weight, height and age) in the social sciences where ratio level scales can 
be used, but interval level scales are commonly treated in the same manner as ratio scales. 
However, it is usually difficult to justify the comment that observations in the social sciences 
are more than ordinal. Sometimes this can be a problem, sometimes not. A commonly ac­
cepted criteria for selecting a scale is that researchers should always be able justify the scale 
that they use to describe a measured attribute.
The second question raised when defining the scale of measurement is whether the vector of 
attributes is construed from some fixed amount of possible values. In other words, does the 
measurement produce only specific values or can it have an indefinite number of values? The 
former variable is discrete and the latter is continuous, and drawing distinctions between these 
two can be troublesome. "Observations tend to be discrete, even when we think of properties 
that we conceive of as continuous" said Andrich (1988, 11), referring specifically to meas­
urement situations in the social and behavioural sciences. For practical reasons, we are usually 
forced to measure observed scores by some type of restricted and/or discrete scale.
There are two different epistemological foundations for understanding categorical and dis­
crete variables. Powers and Xie (2000) labelled these approaches as the biometric-statistical 
approach and the psychometric-econometric approach. The biometric-statistical approach 
believes that discrete variables are essentially discrete and that an observed discrete vector 
corresponds to the measured phenomenon, or the latent structure that describes the measured 
phenomenon or process. The psychometric-econometric approach, on the other hand, assumes
49
that observed discrete variables are simply imperfect reflections on an essentially continuous 
latent variable, or imperfect reflections of some other latent structure with continuous vari­
ables, that observed discrete/categorical scale(s) cannot reflect perfectly. (Agresti 1990, 26-7; 
Powers & Xie 2000, 8.)
The biometric-statistical approach shows that mathematical symbols correspond, and have to 
correspond, to the attribute that is measured. In other words, the scale of measurement per­
fectly represents the vector of attribute that is measured and the measurement error causes a 
mismatch between observed scores and measured vectors o f attributes. The transformation of 
variables, like probit or logit transformation from a dichotomous response variable, is a com­
mon technique in this approach, to make categorical variables meet the assumptions of statis­
tical models. Another method is to use a measurement model, where the structural part of the 
model represents the discrete/categorical space (and time, if the structural component repre­
sents a process).
In the psychometric-econometric approach, discrete variables are seen as incomplete meas­
urements of an originally continuous phenomenon - variables are discrete (or categorical) 
only because we cannot directly measure the 'latent' distribution that we actually want to 
measure. For example, the Likert Scale scores are seen as an imperfect reflection of the con­
tinuous distribution that runs from extreme negative to extreme positive opinion. Respondents 
are simply forced to roughly select a possible proximity from given points in this latent distri­
bution. The probit model is often given a similar interpretation: the model presents a di­
chotomised version of an underlying normally distributed continuous variable.
The question regarding what the vector of attributes is that a categorical variable measures is 
very important in the measurement of poverty, since a head-count poverty measurement is 
seen to represent a real, qualitative distinction between the poor and non-poor, at least in the­
ory. But many direct poverty measures, like deprivation indexes, assume that the observed 
discrete scale is reflecting a latent continuum. However, the question about the relationship 
between the scale of measurement and the scale of the vector of attributes cannot be answered 
here in depth, as it would require another book. For those interested in these questions, we 
recommend turning to the cited literature in this section.
50
25.2 Validity of poverty measurement
Validity is the concept used to describe whether the interpretations made from the measure­
ment are reasonable; hence, it is a concept that is more robust than the reliability of the meas­
urement. Traditionally, in the classical test theory, reliability and validity are treated as sepa­
rate issues: the validity of the measurement is judged rhetorically outside the actual measure­
ment situation and the error of measurement is seen as a problem concerning the measurement 
device (Standards for educational and psychological testing 1994). Usually four types of va­
lidity are distinguished: content, criterion, construct and convergent validity. Content validity 
is a qualitative type of validity where the analyst judges whether the measure fully represents 
the theoretical definition that explains the meaning of the concept. Criterion, construct and 
convergent validity are considered to be empirical methods by which to test content validity. 
(Bollen 1989,185-94.)
There is no way to assess the criterion validity of poverty measurement since there is no stan­
dard or 'official' poverty indicator to which to compare our measure.8 However, we can re­
view the construct and convergent validity o f poverty measurement. Construct validity can be 
scrutinised by using a reliability coefficient, like the Cronbach' alfa-coefficient, when 
summed variables are constructed. The construct validity of summed poverty and deprivation 
scales are usually low. Similar results can be attained when scrutinising the convergent valid­
ity of poverty measurement by, for example, observing whether different poverty measure­
ments identify the same people as poor.
However, nowadays 'calculating' or 'proving* validity has become rarer, since it has been 
found that it is impossible to argue validity purely by means of statistical mathematics. In­
stead, validity is increasingly seen as the attempt to create a reasonable, well-grounded and 
clear heuristic construction that justifies the measurement used and places it in relation to 
other measurements and theories (Moss 1992, 238). So we can argue that the use of multiple 
indicators and longitudinal data improves the (content) validity of poverty measurement. Pov­
erty is understood as a temporal phenomenon, which is defined as a lack of resources to 
achieve preferable living standards. By measuring the lack of resources and living standards 
(and also the subjective view) longitudinally, our measurement device corresponds better with
8 In economics, however, a kind oraggregated1 criterion validity is often presented for individual and household 
incomes: the aggregate of these incomes should correspond national accounts.
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the temporal and multidimensional phenomenon that is measured, than a measurement device 
which gives a static one-dimensional snapshot. This way, a multidimensional and longitudinal 
measurement can be viewed as a more valid way to measure poverty than a static one­
dimensional measurement.
Costner (1969) and Blalock (1968) emphasised that when measuring abstract social concepts,9 
like class, political opinion or poverty, one should always make a difference between the em­
pirical measurements that are used for measuring the abstract phenomenon, and the actual 
abstract conceptual construction that is supposed to be measured. They suggested that we 
should always make two empirical decisions when measuring abstract concepts in sociology. 
First, we must evaluate whether the empirical measurements are adequate and valid indicators 
for measuring the abstract formulation. Second, we must evaluate whether the abstract formu­
lation is itself tenable. This can be done by separating the measurement part and the structural 
part in the model, and then building a theory that explains why these two components of the 
model relate to each other in the way they do. The measurement part of the model describes 
how the empirical measurements relate to the structural component of the model. The struc­
tural component is the abstract conceptual/causal construction that we can assume to be 
measured imperfectly with the observed measures.
2 .5 .3  Reliability o f  m e a s u re m e n t
Even if we could manage to construct the perfect poverty indicator derived from the perfect 
definition of poverty, i.e. the indicator would have perfect validity, we could still never per­
fectly measure poverty. The measurement situation will always contain random and unex­
pected factors, from coding errors to the misinterpretation of a question in a survey, which 
causes unsystematic variation in observed scores. This is the reason why in contemporary 
textbooks on measurement theory, writers often do not separate validity from reliability, al­
though reliability has been, and is still considered to be, a problem of measurement device.
9 Psychometricians would talk Platonic and non-Platonic (or classical) measurements, where former refers to the 
measurement where true value is plausible, like physical measurement, and latter to measurement where true 
value is (empirically) implausible, like attitudes (Biemer & Stokes 1991,489).
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Since a certain amount of measurement error is unavoidable, even with a perfectly con­
structed indicator, we need a sophisticated method to deal with the error of measurement. The 
most appropriate method is to create sets of parallel measurements designed to reflect unsys­
tematic variation, i.e. random error. Parallel measurements are a set of indicators that measure 
the same phenomenon; in other words, parallel measurements are operationalisations of the 
same concept. Because parallel measurements measure the same latent referent, an unsystem­
atic variation from one measurement to another can be estimated and thus gain a quantitative 
description of the error of measurement. Also, the expected value, or mean, of parallel meas­
urements is treated as the estimate of the 'true value'.
The test-retest method is one very common technique in the natural sciences to create a set of 
parallel indicators. Unfortunately, to retest with exactly the same measurement conditions is 
usually impossible within the social sciences; first of all, an informant can change between 
measurements, unlike a physical object. This why in social and behavioural sciences parallel 
measurements are practically always gathered with several parallel indicators side by side in a 
single measurement.
The most influential measurement theory in the social and behavioural sciences is the classi­
cal test theory (or classical true score theory), which holds certain assumptions concerning 
measurement, rules of inference and methods for studying the reliability and evaluating the 
measurement error (Ghiselli et. al. 1981, 195). In classical theory, an observed value is ex­
pressed as the sum of the true value Ti and measurement error E i . This can be presented as
the basic* equation of classical test theory;
X, = ? ;+ £ ,. [2.5]
The equation 2.5 defines every observed value in the case of i as the sum of the true value and 
the measurement eiror. The classical theory holds also axioms that the mean of measurement 
errors is zero (E = 0) and that the true value and the measurement error are independent. So 
the expected values of the true and observed values are assumed equal (T = X ) . The axiom 
E  = 0 also means that the classical test theory assumes that all measurement error is random 
error and no systematic error (bias) where E  *  0 is present in the measurement situation. This 
is not often a valid assumption. Also, in practice, one cannot separate the true value and the
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error, but there are ways to estimate these two components. The most common practice is to 
create a set of parallel measurements that each measures the same concept. The unsystematic 
variance between these parallel measurements then provides a quantitative description of the 
measurement error. ’ •
The reliability of poverty indicators is, and has always been, rather questionable. Usually the 
overlap between different poverty indicators is quite small. Although the overlap increases 
when the observation period is extended, for example, Jeandidier and Kop (1998) came to the 
conclusion that even with longitudinal poverty measures there are three different dimensions 
of poverty, or three different poverties. So if one wants to study the reliability of poverty indi­
cators, one should study it within each dimension of poverty. However, what these dimen­
sions are and what their limits are remain somewhat unclear. This is why reliability analyses 
with poverty indicators are open to various interpretations. In the following, we ponder the 
reliability of direct, indirect and subjective measures separately and this way we assume that 
these three types of indicators measure different poverties - o r different dimensions of pov­
erty.
The error in survey data falls roughly into three categories: errors of nonobservation, process­
ing errors and measurement (or observational) errors. The errors of nonobservation arise from 
nonresponse, coverage and sampling. Processing errors arise from the coding and classifica­
tion of data, imputations and other processing of data. The measurement errors can have four 
sources: the interviewer, the questionnaire, the mode of data collection and the respondent. 
(Groves 1991, 2-3.) Errors arising from nonobservation, data collecting and processing are 
tried to minimise with standardised techniques in surveys. Measurement error arising from the 
respondents is perhaps more complex issue. Respondents' different personal characteristics, 
perceived values and norms associated with particular answers, abilities, socialized identifica­
tion and reference group and the state of mind cause random and often also systematic error in 
their answers for standardised questions (see Del Boca & Darkes 2003).
We can expect respondent's answers to the questions relating to their incomes, household 
structure, living conditions and subjective feeling about economic strain to contain at least 
random measurement error, most likely also systematic error. With subjective questions the 
reference group might be the most prominent source of measurement error. With the subjec­
tive questions it is (implicitly) asked that the respondent compare her situation to the situation
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of others. Respondents most likely use different reference groups when evaluating their living 
conditions, or make value judgement has their household reached 'adequate* living conditions 
(see Towsend 1979, 426, Whelan et al. 2001, 368). With objective deprivation measures this 
restricted reference group -problem is circumvent by asking a list of questions on the possible 
lacking of some basic commodities and defaults in housing. However, the items that are seen 
as necessities by the researcher (or by general population) are not necessarily the same as the 
respondent's. The respondent may spend her money on items she prefers and due to this lacks 
resources to obtain items deemed as necessities in the survey (ibid, 358).
When measuring financial poverty, the respondent related error can be either due to respon­
dents reporting wrong information about their incomes and/or their household's size and com­
position. The respondent may forget or knowingly not report some components o f their 
household incomes, especially if these incomes are small and irregular, or from black econ­
omy. Also in surveys, incomes are asked to be reported for a fixed time interval, usually a 
month or a year, but incomes fluctuate in time and respondents may have different percep­
tions of time in relation to income (Townsend 1979, 426). On the other hand, the respondent 
may have misunderstood the meaning of 'household' and reports her visiting relative as a 
household member. Or an adult son or daughter who is rarely home anymore may be 'forgot­
ten' when the respondent is asked to list the members of household. Nordberg (2004) com­
pared reported equavalised income to administrative records and discovered that in the two 
lowest income deciles incomes are over-reported, while in the other eight deciles incomes are 
underreported, compared to the administrative records. Because of this, the relative financial 
poverty rate is overestimated in the survey data (ibid.). This interpretation is based of course 
on the assumption that the administrative record and tax report incomes are closer to the 'true 
income' and this way more complete and reliable than the reported income in surveys (see 
Atkinson et al. 1995).
The equation 2.5 refers to cross-sectional measures, where non-systematic measurement er­
rors are assumed to cancel each other out, so that the estimates of X t are unbiased if random
errors are uncorrelated. Hence, it is assumed that for all cases where the error means that the 
observed value is higher than the true value, there are roughly the same number of cases 
where the error means that the observed value is lower than the true value. Random errors do 
not have this convenient attribute when we study the repeated measurements of X r  In re­
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peated measurements, random errors, rather than nullifying each other's effect, increase ob­
served mobility. If random error in panel data is not corrected, the amount of mobility will be 
over-estimated (Hagenaars 1992; Chua & Fuller 1987).
Coleman (1968) suggested that if we have panel data from three waves or more we can treat 
the over-estimation of mobility in panel data by separating the measurement error from true 
stability. Heise (1969) and Wiley & Wiley (1970) presented a path analytic method for esti­
mating the true stability and the error from test-retest correlations. However, the path analytic, 
and other structural equation models, based on modelling the covariance or correlation matrix 
are not suitable for nominal level measurements, in particular because the mean and variance 
are not independent (Henry 1973). Lazarsfeld and Henry (1968) developed the latent structure 
model, designed for categorical variables, in the 1950s and 1960s. They defined these models 
as measurement models that relate a discrete or continuous latent variable to the discrete 
scores or categories of observed variables with probabilistic relationships. Their work was 
later developed by Goodman (1974a; 1974b). Van de Pol and de Leeuw (1986) showed how 
to estimate measurement error in repeated nominal measurements by applying latent structure 
analysis. They also showed how this can yield a detailed account of the location of the meas­
urement error in each observed variable, rather than a single reliability coefficient.
Rendtel et al. (1998) were the first to use latent structure analysis to treat the over-estimation 
of poverty mobility in a transition table. Using a latent Markov chain model, originally intro­
duced for this purpose by Langeheine and van de Pol (1990), they arrived at the striking find­
ing that almost half of the observed poverty mobility in their German Socio-Economic Panel 
data might have been due to measurement error. Later Rendtel et al. (2004) have modelled the 
combined data of Finnish ECHP survey and the administrative record incomes with latent 
Markov models and came out with similar results - mobility in poverty transition tables is 
over-estimated. Their studies dealt only with Germany and Finland, but similar results could 
be expected to be obtained in other countries.
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25.4 Acceptability, practicality and consequences
In addition to the requirement of validity and reliability, some researchers have proposed that 
poverty measurements should also confront three other criteria. First, poverty measurement 
should be understandable and approved by the public (Citro & Michael 1995, 38-9). Here, the 
term public means an entire society, not just the experts who are working on issues relating to 
poverty. Approved means that poverty measurement should be justified and understood by 
common sense: poverty measurement should identify those people as poor who are consid­
ered as poor in the society in general, and only them. Secondly, the data on which poverty 
rates are calculated should be available or fairly readily obtained by other researchers, and the 
technical documentation and epistemological orientations should be clearly brought out 
(ibid.). This should guarantee the transparency of the data and illustrate what procedures have 
been carried out before and after the measurement, like sampling, weighting and aggregation.
The third requirement for a good poverty measurement is not a direct concern of the meas­
urement. It is really a social requirement that researchers ought to pay regard to the social 
consequences that their research might cause (Messick 1989). This requirement is very inter­
esting in the case of poverty measurement, since we are studying a social group that can be 
seen to be one of the most vulnerable and powerless groups in society. Therefore, the poor, 
themselves, are very unlikely to take part in the process of describing, defining and estimating 
poverty: they are generally silent objects of academic and administrative research. Research­
ers should take this issue into account in their work. Hence, the gathering of information on 
poverty and the poor always has consequences for the poor, directly through administration or 
indirectly through discussion and definition.
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2.6 Conclusions
Chapter two began by clarifying the difference between the two types of poverty that are dis­
tinguished in poverty research; absolute and relative poverty. Poverty in the welfare state is 
seen to be relative. Relative poverty is defined as the lack of resources to obtain the type of 
diet, participate in the activities and have the living conditions and amenities that are custom­
ary in the society. Absolute poverty, on the other hand, is used to refer to poverty in develop­
ing countries, where poverty means famine, a lack of shelter and fatal, epidemic diseases.
Sociological poverty measurement mainly uses head-count poverty measures that only iden­
tify the poor and tell the prevalence of poverty in the population. Conditional probabilities 
and other estimates of association are then used to find explanatory factors such as the causes 
of poverty. In economics, simple head-count poverty measures are usually used only as a 
component of poverty indexes that also measure other attributes of poverty, for example, the 
depth of poverty. Aggregated poverty indexes naturally give more detailed information about 
poverty compared to simple head-count measures, but this is gained at the cost o f comprehen­
sibility. Also, the most crucial error of measurement in poverty indexes is derived from the 
head-count component of the index. Partly because of this, the most influential poverty meas­
urements in social policy are all head-count measures.
In most of the cases studied, the household is taken as the economic unit that is assumed to 
pool the resources, amenities and needs. Usually a head-count poverty measure measures ei­
ther the lack of resources or the poor living conditions of the household or the opinion of the 
head of household. Poverty indicators which use low incomes or other material resources as 
the indication of poverty are called indirect measures. Indicators measuring poor living condi­
tions are called direct measures. Indicators based on subjective questions are called subjective 
measures. The poverty threshold can be set in the distribution of resources, deprivation or 
subjective views either using some external criteria, like what are seen as basic commodities 
by the experts, or using some function of a distribution, for example 60 per cent of median 
income. The threshold can also be set using multiple criteria, for example, the point in the 
distribution of income after which deprivation starts to rise rapidly.
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However, all the head-count poverty measures are hampered by difficulties in actually meas­
uring low incomes, poor living conditions or a subjective view of deprivation. One conse­
quence of this is that different people and families are identified as poor by different meas­
ures. Because of this, some researchers have suggested that we should treat different measures 
as alternative ways to gain information on the same complex phenomenon. In this multidi­
mensional approach, poverty is measured with direct, indirect and subjective indicators side- 
by-side. Each measure gives complementary information on different aspects, or dimensions, 
of poverty.
Also in recent years more and more European poverty researchers have started to point out 
that poverty is a temporal phenomenon and so it should be measured longitudinally. Taking 
the temporal aspect into consideration is essential both to understand poverty and for the de­
velopment of a social policy. In the United States, longitudinal poverty research is well devel­
oped. However, in the European Union longitudinal poverty studies have only in the recent 
years become more numerous. This is mainly due to the new European Union level panel 
study, the European Community Household Panel (ECHP).
Chapter two ends with the important, but often ignored, issues of measurement validity and 
reliability. The concept of validity is used to describe whether the interpretations made from 
the measurement are reasonable. Traditionally, reliability and validity have been seen as two 
different, but related, things. The validity of the measurement is judged rhetorically outside 
the actual measurement situation and the error of measurement, reflected by reliability, is seen 
as a problem concerning the measurement device. It is emphasised how important it is to 
separate the measurement and structural components in a model, especially when modelling 
panel data where, if ignored, the random measurement error results in mobility being over­
estimated.
In this chapter we have presented the defmition(s) of poverty and how it is operationalised 
within a head-count poverty measure. Now it is time to start on empirical analyses. We will 
begin by presenting the data, methods and the research hypotheses of this study.
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3. DATA, METHODS AND RESEARCH HYPOTHESES
3.1 Introduction
Based on previous empirical studies, we have a good basis of supposition as to what the pov­
erty dynamics might be in the ten countries we are about to study. There are also some inter­
esting theories, which have been presented in contemporary poverty and social mobility re­
search that we can use as our starting point when modelling the structure of poverty transi­
tions. For example, the so-called individualisation thesis argues that poverty is, or better has 
become, mostly short duration incidences and is now connected more to the phase of life- 
course than to the structure of social stratification (Leisering & Leibfried 1999). Some other 
hypotheses for testing can be derived from the welfare state coverage in the country (Fritzell 
1990), from the constant (core) fluidity thesis in social mobility studies (Erikson & Gold- 
thorpe 1992, 24-26), from the classical test theory and from the fact that observed mobility is 
over-estimated in panel data due to random error (Hagenaars 1992).
From these theories and theses four formal testable research hypotheses will be derived. The 
first hypothesis will state that the population is heterogeneous according the transition of pov­
erty. The second research hypothesis will state that observed mobility is higher than true mo­
bility due to the random error. The third hypothesis will test the assumption that poverty dy­
namics behind different head-count poverty measures are common and the fourth that the dy­
namics are common across countries.
The chapter is structured in the following way: after presenting the research hypotheses in 
section two, the data and variables is presented in section three. Section four presents the de­
scriptive poverty (dynamics) figures using the selected three poverty classifications. The fifth 
section introduces the log-linear model and its latent variable extension, the latent class 




There are several theoretical backgrounds from which the tested research hypotheses are de­
rived. The first theory, or thesis, is the so-called individualisation thesis, originally formulated 
by Ulrich Beck (1994, 19) and later applied to the theories o f poverty by Leisering and Leib- 
fried (1999). The individualisation thesis argues that contemporary poverty has become 'tran­
sitory', 'biographised' and 'transcendence' over social boundaries contrast to the past class- 
based, often life-long poverty that was seen in the early industrial societies. The thesis argues 
that poverty in affluent welfare states reaches also the middle classes at the same time when 
poverty has become a relatively transient phenomenon in people’s lives and it is more associ­
ated with particular events in the life-course (ibid., 9). Leisering and Leibfried (1999, 239) 
gave perhaps the best know presentation of the individualisation thesis in poverty research:
'Poverty is no longer (if it ever was) a fixed condition or a personal or group characteris­
tic, but rather it is an experience or a stage in the life-course. It is not necessarily associ­
ated with a marginal position in society, but reaches well into the middle class. Poverty 
is specifically located in time and individual biographies, and, by implication, has come 
to transcend traditional social boundaries of class. These characteristics of present-day 
poverty can be referred to as temporalisation, biographisation and démocratisation (or 
transcendence) of poverty.'
The above statement indicates that the incidence of poverty is somewhat random across time 
and that more or less the entire population is (in theory) exposed to poverty. A model that 
would describe this kind of society would assume that no one is permanently in or outside 
poverty. On the contrary, the whole population is expected to experience poverty at some 
point in their life. However, if we can show that the population can be divided into groups in 
such a way that a part of the population is predetermined into poverty, while other parts never 
or hardly ever experience poverty, this would support the so-called cumulative disadvantage 
hypothesis that is, in a way, a counterhypothesis for the individualisation thesis. The cumula­
tive disadvantage thesis argues that certain parts of the population are predetermined to have a 
high risk of being in poverty. According to Layte and Whelan (2002) the risk of poverty is 
(still) tightly connected to the social class structure. The closer the population is to the al- 
ways/never in poverty -dichotomy, the stronger the evidence we get for the cumulative disad­
vantage thesis. The larger the 'intermediate' group(s) of movers is (are) between these two
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extreme categories of always or never being in poverty, the stronger the evidence we get for 
the individualisation thesis. So we hypothesise that the population contains at least three 
groups that have different poverty trajectories and to test this we formulate our first research 
hypothesis as;
Hypothesis #1: The population is heterogeneous in their relation to poverty dynamics.
The second research hypothesis is based on the classical test theory. According to the classical 
test theory, non-systematic measurement errors cancel out with cross-sectional measures. 
Therefore, it is assumed that for all non-poor cases which are misclassified as poor, there are 
roughly the same number of cases of the poor being misclassified as non-poor. But random 
errors do not have this convenient attribute when we study the dynamics of the phenomenon. 
Here random errors, rather than nullifying each other's effect, increase observed mobility. If 
the random error in the transition table is not corrected, the amount of mobility will be over­
estimated, as proposed by Hagenaars (1992), for example. So, we can assume that a part of 
the observed poverty mobility is caused by the random error, as has been reported in the few 
previous studies on the topic (Rendtel et al. 1998; Breen & Moisio 2004). The second re­
search hypothesis is then formulated as;
Hypothesis #2; Both absolute and relative (fluidity) poverty mobility are over-estimated be­
cause of random error
The third research hypothesis is derived from the thesis proposed by David Gordon (2002) 
that different poverty indicators measure different phases of the same dynamic process. Ac­
cording to him, it takes a certain time before the lack of resources develops into deprivation. 
For example, a sharp drop in income can mean entry into poverty according to a financial 
poverty measure, but a poverty measure that measures living conditions will still show that 
the person (or household) is not suffering from deprivation. In time, the lack of resources will 
materialise into poor living conditions, but before this, there is a mismatch between the indi­
rect resource based poverty measure and the direct living conditions based deprivation meas­
ure. When the income then rises, it will takes some time before the living conditions improve 
and there is a mismatch again between the direct and indirect measures. Since poverty spells 
are relatively short in duration, the aggregate of these mismatches causes serious problems in 
identifying the poor. So if Gordon's thesis is correct, we should be able to find a common
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relative mobility, i.e. fluidity patterns at least behind the two objective poverty indicators - 
financial poverty and housing deprivation. It is difficult to predict what the dynamics of sub­
jective deprivation might be, but we could expect that they follow to a great degree the dy­
namics of the objective measures. Therefore, the third research hypothesis is formulated as;
Hypothesis #3: The pattern of poverty fluidity is common between poverty classifications.
The fourth research hypothesis is derived from theories that suggest either differences or simi­
larities in poverty dynamics across countries. Fritzell (1990) made a hypothesis that the exten­
sive welfare state has reduced poverty mobility by reducing the impact of sudden and unpre­
dicted market events. The welfare state is a wide set of welfare arrangements aiming to pro­
tect individuals and families against social risks. We might hypothesise that the more exten­
sive and universal this coverage is, the more it reduces poverty mobility. In our data we have 
countries which have very different welfare states, so if Fritzell's thesis is correct, we should 
see differences in poverty dynamics between these countries. We might also assume that in 
the countries with a more equal income distribution the poverty risk is more equally distrib­
uted, meaning that a larger proportion o f the population is experiencing poverty incidences 
and the poverty mobility is higher. Additionally, in the countries with a more equal income 
distribution, the average distance from the poverty threshold is smaller than in the highly un­
equal distribution, making the crossing of the poverty threshold again more likely across 
population. So we might expect that income equality increases poverty mobility (Breen & 
Moisio 2004). The countries under investigation here show large differences in income ine­
quality, so if it is the case that income equality increases poverty mobility, we should again 
see differences in the dynamics between the countries. The flexibility of the labour market can 
be also an important factor in determining how easy it is to move across the poverty thresh­
old. It can be hypothesised that inflexibility in the labour markets decreases poverty mobility 
and flexibility increases poverty mobility (ibid.). Again, the studied countries show differ­
ences in how flexible their labour markets are, so we should be able to observe differences in 
poverty dynamics if  this assumption is valid.
However, there are theories that lead us to expect that the dynamics of poverty are somewhat 
similar across countries. For example, the core social fluidity patterns are remarkably similar 
across countries and time. This can be seen as the constant flux in the patterns of fluidity in 
industrialized societies that have a similar type of market economy and a similar family sys-
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tem (Erikson & Goldthorpe 1992). The hypothesis about a common structure o f poverty dy­
namics is also supported by recent studies» where poverty fluidity is shown to have remarka­
bly similar patterns in the EU countries, despite the large differences in national poverty rates 
(Whelan et al. 2000; Layte &  Whelan 2003). So we formulate the fourth research hypothesis 
as;
Hypothesis #4: Poverty fluidity is common across countries.
The direct, indirect and subjective measures of poverty and deprivation and their four re­
peated measurements in the ten countries are used to test these hypotheses. The variables and 
the data are presented in the next section.
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33  Data and variables
Often the data limits what can be empirically studied. This is especially true with a topic that 
requires a longitudinal research setting. To execute longitudinal household surveys requires a 
lot of money and a continuing (and for this well-financed) research community to repeat the 
surveys over a long time-span. Longitudinal poverty research has been strong in the United 
States since the 1980s, but Europe is only now catching up. The European Community 
Household Panel (ECHP) between 1994-2001 will, and already has, instigated longitudinal 
poverty research in Europe. Undoubtedly the ‘successor* of the ECHP panel, the EU-SILC 
panel will carry on the longitudinal poverty research in the EU. (see Atkinson 2002.)
The data used in the analysis is from the European Community Household Panel (ECHP), 
The ECHP household panel surveys are carried out by national statistical offices or national 
research institutes. Eurostat is responsible for gathering and standardising the data for com­
parative use (see Epunet 2003). The ECHP is based on annual household surveys that were 
conducted between 1994-2001. It attempted to interview all adult members of the household 
(aged 16 and over by the end of the survey reference year) and individual level information 
was gathered on income, social transfers, employment, education, health and social relation­
ships. The demographic information of the children in the household were also taken. House­
hold level information was gathered from the head of household about the financial situation 
and living conditions of the family. Country-level information was provided about population, 
exchange rates and purchasing power parities. All sample persons, i.e. those adults and chil­
dren included in the sample of the first wave, were followed up. If a sample person moved to 
a new household, this household was followed up and all its non-sample adults were inter­
viewed. (Eurostat 1994.)
Twelve EU countries started the panel in 1994 and Austria and Finland joined the panel two 
years later. Sweden is the only EU-I5 country that is not in the panel, although, it provided 
cross-sectional household surveys for the use of the ECHP. In the winter of 2002-2003 five 
annual waves between 1994-1998 were prepared for research purposes. All eight waves are 
expected to be released by 2004. Since the information on incomes in the ECHP refers to the 
previous years incomes, it was only possible to use four waves, i.e. waves 1994-97, in the 
analysis, because we need information both from the current incomes and the current house­
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hold’s structure to be able to calculate the income per consumption unit. Eleven countries had 
the waves 1994-1997 in the ECHP and, from them, we had to drop Germany's panel, because 
it did not have the housing condition infoimation we needed for the analysis. Altogether, we 
have four annual waves from ten EU countries for the analysis of poverty dynamics.
Data quality with respect of unit non-response and attrition rates is exceptionally good in most 
of the countries. The response rate in the first wave are 84% in Belgium, 62% in Denmark, 
80% in France, 90% in Greece, 56% in Ireland, 91% in Italy, 86% in the Netherlands, 89% in 
Portugal, 76% in Spain and 72% in the UK (Eurostat 1997). In this thesis balanced panels are 
used, which means that cases that are not observed in all four waves were excluded. The pro­
portion of individuals observed in all four waves from those observed in the first wave is 77% 
in Belgium, 66% in Denmark, 74% in France, 75% in Greece, 62% in Ireland, 81% in Italy, 
79% in the Netherlands, 84% in Portugal, 70% in Spain and 83% in the UK (Watson 2002). 
Data is weighted by the base weight variable, as Eurostat recommends (see Peracchi 2002, 
83-4).
Three established and well-known measures of poverty and deprivation were selected for the 
analysis: the relative financial poverty threshold, the housing deprivation scale and the eco­
nomic strain scale (see Table 3.3.1). The financial poverty threshold is measuring low mate­
rial resources and the housing deprivation scale can be viewed as measuring objective life­
style deprivation. Townsend (1979, 418-21) considered questions asking the subjective feel­
ing of economic strain and deprivation as measures of subjective deprivation. We will follow 
this separation between the objective and subjective deprivation measures.
Adequate material resources are a necessary condition for material well-being and the level of 
disposable income is probably the most widely used indicator for measuring material re­
sources. Here we use the relative financial poverty threshold, where the poverty threshold is 
set to be 60% of median equivalent incomes. The equivalisation scale is the modified OECD 
scale (see 2.3.2). Those households having an equivalent income below this threshold are 
classified as income poor. The relative financial poverty threshold is one of the EU structural 
indicators and usually referred to as the 'official' EU poverty threshold. For a more detailed 
description on the relative financial poverty measure, see Atkinson et al. (2002, 78-109).
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Indirect (income) poverty measures have been criticised on the basis that resources equate 
with well-being very differently depending on the personal abilities and needs, social con­
tacts, the place of residence and the access to public services. Direct measures that measure 
life-style deprivation, on the other hand, are seen to reflect the actual materialisation of re­
sources. This way, a direct measure can shed light on poverty from another angle than an indi­
rect measure, giving, if not better then at least complementary, information about poverty. 
The direct poverty measure used here is a housing deprivation indicator. The indicator is a 
short version of Eurostat's nine item scale of multiple problems in accommodation. The ques­
tions are asked of the head of household (Eurostat 1998). The questions are based on the (im­
plicit) assumption that households wish to avoid these problems in accommodation. The scale 
is dichotomised into a head-count measure so that it is easier to compare, both substantially as 
well as technically, its rates and dynamics with those of the financial poverty measure.
The subjective view of deprivation, or economic strain, supplements the picture of poverty 
that (objective) direct and indirect poverty indicators give. With a subjective deprivation 
measure, we have to rely on that respondents having at least to some degree a shared under­
standing of what the minimum living standards are that should be 'met'. Perhaps it is the fa­
mous 'to be able to appear in the public without shame', but for different people this might 
mean different things. The subjective indicator used here is based on the question asked to the 
head of household 'is your household able to make ends meet?' The classification is done by 
assigning those reporting 'difficulties' or 'great difficulties' into the subjective deprived class 
and others to the non-deprived class. The scale is dichotomised again so that comparisons 
with the financial poverty and objective deprivation measures would be easier both substan­
tially and technically. The technical documentation of the three head-count poverty indicators 
is presented in the table 3.3.1:
Four repeated measurements with a dichotomous variable, results in a transition table of 16 
cells. Each of the three poverty classifications have their own 16 cell transition table that are 
presented in the Tables 3.3.2 - 3.3.4. In table 3.3.2 the transition table of financial poverty in 
each country is presented, in table 3.3.3 the transition table of the housing deprivation and in 
table 3.3.4 the transition table of subjective deprivation is presented. The poverty and depriva­
tion status of the person in each annual wave is presented in the four left-hand columns. The 
class of poor/deprived has the value 2, the class of non-poor/deprived correspondently the 
value 1. The cell frequencies for each country are presented in the columns and in the last row
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there are the total sample sizes for each country. The report from item nonresponse is pre­
sented in the Appendix B. The proportion of missing values is quite modest in the first wave, 
but the proportion of cases excluded because of the missing value in one or more waves is 
higher (see Appendix B). However, usually less than five percent of the cases are excluded 
due to the missing value, so the overall item nonresponse does not question the reliability of 
data. The only panel where item nonresponse is a problem is the housing deprivation panel of 
the UK: 25.9% o f the cases have missing value in the first wave and 32.8% of cases is even­
tually excluded due to one or more missing value. This cast a serious doubt over the depriva­
tion panel of UK. We will keep this panel in the analysis, but the high nonresponse should be 
kept in mind when results are interpreted.
T a b le  3 .3 .1 : D e s c r ip t io n  o f th e  p o v e r t y  a n d  d e p r iv a t io n  c la s s if ic a t io n s
Name of the variable and explanation Codinp
R e la t iv e  f in a n c ia l  p o v e r t y  m e a s u re
E q u iv a lis e d  n e t  in c o m e  (m odifie d  O E C D  scale  a d ju s te d ) b e lo w  the  
p o v e rty  th re s h o ld  that is se t at 6 0 %  of th e  national m e d ia n  e q u iva lise d  
net in c o m e .
O v e r  6 0 %  = >  1 
B e lo w  6 0 %  = >  2
S u b je c t iv e  d e p r iv a t io n
Is th e  h o u s e h o ld  a b le  to m a k e  e n d s  m e e t?  (1 ) W ith  g re a t difficulty, (2 ) 
w ith d ifficulty, ( 3 )  w ith  s o m e  difficulty, (4 )  fairly e a s ily , (5 )  e a s ily  a n d  (6 ) 
v e ry  e a sily .
3 ,4 ,5  o r  6  = >  1 
1 o r  2  = >  2
H o u s i n g  d e p r iv a t io n
A c c o m m o d a t io n  h a v e  s h o rta g e  of (1 )  s p a c e , (2 ) le a k y  roof, (3 )  d a m p  
w a lls , (4 )  rot in  w in d o w  fra m e s  or flo o rs  o r  (5 ) in a d e q u a te  h e a tin g  facili­
ties.
0  o r  1 = >  1 
2  o r  m o re  = >  2
i
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3.4 Descriptive poverty figures
It is difficult to conceive the transition of poverty taking place in Tables 3.3.2,3.3.3 and 3.3.4 
solely by observing the absolute cell frequencies. Some basic descriptive figures are needed 
so that we can have a comprehension o f the dynamics we will model in the following chap­
ters. So, in Tables 3.4.1, 3.4.2 and 3.4.3 some descriptive estimates for the longitudinal finan­
cial poverty, housing deprivation and subjective deprivation are presented. The first four col­
umns present the poverty rates in each wave, showing that the three indicators estimate differ­
ent proportions of the population as poor or deprived. The highest proportion is given by the 
subjective deprivation measure, circa 27 per cent, while the financial poverty and housing 
deprivation measures estimate around 18 per cent to be either poor or deprived. The next five 
columns show the per centage of the population according to the number of poverty or depri­
vation incidences they have experienced over the four years. The last three columns on the 
right hand side present what the poverty or deprivation risk is in the second, third and fourth 
wave if the person has been regarded as poor or deprived in the first wave.
There do not seem to be any major increases or decreases in the financial poverty rate in any 
country during the four-year follow up period, except in Portugal where the poverty rate has 
decreased. Also, in Denmark, the financial poverty rate jum ps up almost five per centage 
points between 1996 and 1997. An increase this large indicates that there is a systematic 
measurement error in the balanced panel for Denmark, especially since a similar increase in 
poverty rates in Denmark has not been reported elsewhere. Otherwise, financial poverty rates 
vary between ten (Denmark and the Netherlands) and 22 per cent (Spain, Portugal and the 
UK). The unweighted mean across all the countries is 18 per cent and this is almost entirely 




The proportion of the population who have experienced financial poverty during the four 
years is around twice the size of the poverty rate. For example, in the Netherlands the poverty 
rate is 11 per cent and the proportion of the population that has experienced poverty at least 
once during the four yean is 23 per cent. This ’double-ratio’ between the poverty rate of the 
country and the proportion of population that has experienced poverty at least once during the 
four years seems to hold good for every country. When observing the proportion of the popu­
lation who have experienced poverty twice, three or four times during the four years, we can 
see that the proportion decreases sharply when the number of poverty incidences increase. In 
Denmark, for example, only two per cent of the population has experienced uninterrupted 
financial poverty over all four years. The proportion of population that experienced uninter­
rupted poverty is higher in other countries, but it seems to be that, in every country, the per 
centage of the population in a long-term and interrupted poverty spell is always much smaller 
than the cross-sectional poverty rate.
If financial poverty spells seem to be mainly short-duration incidences, the risk of poverty 
reoccuring seems to be very persistent. When observing the risks P(i|I) to be in financial pov­
erty again after a year (i=2), two years (i=3)or three years (i=4), we can see that the risk does 
not decrease. Even in Denmark, where long financial poverty spells are very rare, we can see 
that the incidence of financial poverty increases the risk for financial poverty in the next year 
to .44. This increased financial poverty risk does not decrease even after three years. The risk 
P(i|l) that financial poverty will reoccur is higher in other countries, but the pattern is the 
same. An incidence of financial poverty seems to cast a long shadow, as the risk of financial 
poverty is high even years later.
As opposed to the financial poverty rates, we can detect a fragile but clear decreasing trend in 
the housing deprivation rates from 1994 to 1997. There is also clearly a bigger variance be­
tween countries in their housing deprivation rates than there is with financial poverty rates. 
The housing deprivation rate varies from nine per cent in Denmark and in the Netherlands to 
40 per cent in Portugal. There is also big variance between the proportion of population who 
experienced housing deprivation at least once during the four years that were studied. The 
highest and the lowest proportions can again be found in Denmark, 22 per cent, and in Portu­
gal, 61 per cent. The double-ratio rule also seems to hold good between the housing depriva­
tion rate and the proportion of population experienced housing deprivation at least once dur­
ing the four years. The proportion of the population who have experienced housing depriva­
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tion at least once in four years is around double what the cross-sectional deprivation rate is. 
But the proportion drops sharply when the number o f incidences increases, with the exception 
of Portugal. The proportion of the population who have been in housing deprivation uninter­
ruptedly for four years is only a fraction o f the annual deprivation rate in every country.
The risk of deprivation reoccuring P (i|l) seems to be slightly lower than was seen with the 
financial poverty, but the pattern is the same. Even a single incidence of housing deprivation 
increases the risk that the deprivation will reoccur after a year, two or three years later and 
this increased risk does not decrease. For example in the Netherlands, the incidence of hous­
ing deprivation in 1994 increases the risk of reoccurrence o f housing deprivation to .47 in 
1995, to .39 in 1996 and to .34 in 1997. The average risk in the Netherlands for housing dep­
rivation is .09.
There also seems to be a slight decrease in subjective deprivation rates between 1994 and 
1997 in most of the observed countries. The variance in the subjective deprivation rate is large 
between the countries, as it was with the housing deprivation rate. The subjective deprivation 
rates vary from 10 per cent in the UK to 55 per cent in Greece. Again, the proportion of the 
population that has experienced subjective deprivation at least once over the four years is 
about double the proportion identified as subjectively deprived cross-sectionally. With the 
exception of Portugal, Spain and Greece, the proportion of the population that has suffered 
uninterrupted subjective deprivation through all four years is only a fraction of the cross- 
sectional subjective deprivation rate. For example, in the UK the subjective deprivation rate is 
around 10 per cent, depending on the year of measurement, but the proportion of the popula­
tion living in a household who’s head reports difficulties to make ends meet for all four years 
is only 2 per cent.
But again, if there has been an incidence of subjective deprivation, this will increase the risk 
of subjective deprivation reoccuring in the near future. For example in the UK, reporting sub­
jective deprivation in 1994 increases the risk of subjective deprivation to .47 in 1995, to .38 in 
1996 and to .32 in 1997. The average risk in the UK of subjective deprivation is around .10. 
So the transition of subjective deprivation repeats the pattern observed in the financial poverty 
and the housing deprivation transition tables.
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We can now sketch a rough picture of the structure of poverty and deprivation dynamics un­
derlying in the three transition tables. The poverty and deprivation dynamics seem to have the 
following characteristics: (1) long and uninterrupted poverty or deprivation spells are not 
common and (2) even a single poverty (or deprivation) incidence predicts that poverty (or 
deprivation) will reoccur in the near future. A model describing these characteristics would be 
a model where the majority of population never experience poverty and a small group of peo­
ple live in constant poverty. Between these two groups there is a movers group, consisting of 
20-40 per cent of the population, who move in and out of poverty and who live in with the 
constant high risk of poverty. This preliminary picture of poverty and deprivation dynamics is 
congruent with the hypotheses we derived from the theory and previous empirical studies in 
3.2. However, to be able to test is this model of poverty dynamics correct, we need to utilise 
log-linear modelling.
3.5 Methods
3.5.1 Modelling stochastic processes in discrete time and space
The terms ‘stochastic* and ‘random’ do not refer to the same thing, although it is quite a 
common misunderstanding to assume that they do. A random process is an unpredictable 
process, lacking all systematic behaviour. But if we can describe the process with some prob­
abilities, we observe a stochastic process. When poverty incidences are measured longitudi­
nally, using repeated classifications, we observe a stochastic process, since few would argue 
that the incidences of poverty are purely random. Being poor at given moment is a quite good 
predictor that the person will also be poor in time t+1. And correspondingly, if we know that a 
person has never been poor, it is reasonable to predict that the person will not be poor in the 
(near) future. So, it is safe to say that the transition of poverty, or poverty dynamics, is a sto­
chastic, not a random, process.
Next, we will present techniques for modelling the stochastic process observed in poverty and 
deprivation transitions tables. Preliminary analyses in the previous section (and previous em­
pirical studies) imply that different countries having different levels and distributions of pov­
erty might have a similar pattern of poverty dynamics. Also, we might expect that there is 
only a small group of people stuck in permanent poverty and that there is high mobility in and 
out of poverty from one year to the next. Luckily, we do not have to start to convert these as­
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sumptions into testable models from scratch. The underlying structure of the stochastic proc­
ess has long interested statisticians and other scholars. As a result of this work, there is an 
established family of models that can be used to test various hypotheses about the underlying 
structure of a stochastic process.
Markov chain models are widely used for modelling stochastic processes which have been 
observed in categorical panel data. Markov models are built around the ’simple' first-order 
single Markov chain. The first-order Markovian process, or simple Markov chain model, as­
sumes that the state occupied at time t  depends only on the state occupied at time t-1. So the 
model assumes that there is independence between the states occupied at time t and previous 
time points t-j when j> l,  conditional on the state occupied at time t-1. In other words, the 
state occupied at time t-2, or earlier, has no effect on the situation in time t, once the state oc­
cupied at time t-1 is taken into account. The second order Markov chain would allow both the 
states occupied at time t-1 and t-2 to have an effect on the state occupied at time t. However, 
higher order Markov chain models are not very popular in the empirical analyses, simply be­
cause that they do little to simplify the modelled stochastic process - and simplifying the as­
sociations in the data is the aim of all modelling. Also, higher order Markov chains are quite 
difficult to interpret and give a verbal expression of.
One problem with the simple Markov chain model, however, is that it rarely fits the data. 
There are two reasons for this (Langeheine & van de Pol 1990). First, the simple Markov 
chain model assumes a homogeneous population. This problem can be circumvent by increas­
ing the number of Markov chains in the model and this way allow heterogeneity in the popu­
lation. Markov models with multiple chains are often referred to as mixed Markov models. 
The second reason is that the model does not allow for measurement error. This problem can 
be tackled by constructing a measurement model that describes the relationships between the 
observed and true values. The 'two chains Markov model* tests the hypothesis that there are in 
fact two simple Markov chains behind the stochastic process. Or put in other words, the popu­
lation contains two groups which each follow their own Markovian chain. Maybe the best- 
known Mixed Markov model is the Mover-Stayer model, where the transition probabilities in 
the second chain are restricted to be either 1.0 or 0.0. Hence, the second chain describes the 
non-movers, i.e. stayers, in the population. The first chain in a Mover-Stayer model then fol­
lows the first order Markov process, describing the transition probabilities of the movers. In 
our poverty transition tables, this would describe a model where there are two underlying
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processes in the transition table: a chain containing those who almost certainly will not move 
between succeeding years and a second chain containing people who move in and out of pov­
erty according to the first order Markovian process. The Mover-Stayer model would then give 
estimates showing the fraction of the population who are movers and the fraction of the popu­
lation who are stayers and what the transition probabilities (fluidity) are in the movers' chain.
The second way to improve the goodness of fit of a Markov model, i.e. separating the true 
values from the observed ones, can be done by combining Latent Class and Markov chain 
modelling. Coleman (1968) showed that we can estimate measurement error in repeated 
measurements if we have panel data from three or more waves, as was discussed in 2.5.3.
Van de Pol and de Leeuw (1986) showed how to estimate measurement error in repeated 
nominal measurements by applying Latent Markov models. The Latent Markov model yields 
the estimates for the relationships between the true and the observed values and a detailed 
account of the location of the measurement error. The Latent Markov model is a member of 
the large family of latent structure models. Lazarsfeld and Henry (1968) were the original 
developers of the latent structure models and they defined them as measurement models that 
relate, in a probabilistic way, a discrete or continuous latent variable to the discrete scores or 
categories of manifest variables (see 2.5.3).
The most popular technique for building simple, Mixed and Latent Markov models for em­
pirical testing is log-linear modelling, which can be easily expanded to (latent class) models 
containing one or more latent variable(s). In the next section we will present the basic princi­
ples of this flexible modelling technique.
3.5.2 Log-linear modelling
A transition table is a special type of frequency table. Because variables in a transition table 
are repeated classifications across time f, there is a certain causal structure in the table that has 
to be taken into account when interpreting and modelling it. However, since a transition table 
is a frequency table, we can use the same modelling techniques that we use when modelling 
frequency tables. Log-linear modelling, with certain parameter restrictions, gives us a power­
ful tool for modelling any stochastic process we believe is underlying in a transition table.
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The aim of log-linear modelling is to simplify and reveal the basic structure of this underlying 
stochastic process in the transition table. Unfortunately there is usually a trade-off between 
the model parsimony and the model fitness and there is no rule of thumb when the model has 
adequate fit or parsimony. Because of this, constructing and fitting a log-linear model is open 
to a various interpretations, so this work should be always be guided by theory and empirical 
knowledge (Pontinen 1981).
In practice, parametric analysis methods for categorical variables are all based on the same 
idea as the chi-squared ( X 2) -test for a two-dimensional frequency table. Although dimen­
sions in the frequency table may be increased and an additional latent variable may be in­
cluded in the model, the basic idea of the X  2 -test still remains: the observed frequency table 
(or cell probabilities) is (are) compared to the estimated table generated by a particular model. 
When moving to log-linear models and latent class models, the 'observed' frequencies and 
probabilities in every cell are reproduced by log-linear functions or by conditional probabili­
ties. However, this does not change the fundamental idea o f fitting an estimated model to the 
observed frequency table.
The chi-squared test value for a two-dimensional, I by J, frequency table can be calculated 
from cell residuals as:
[3-1]
where is the observed value in the i f  cell of the table and the f0 is the value fitted under
the model. The test value is the squared sum of cell residuals, divided by their expected value 
F. . The test value follows a chi-squared -distribution with the degrees of freedom that are the
product of the number of classes in I  minus 1 and in J  minus 1 i.e. (I-1)(J-1). If the observed 
cell counts f0 differ greatly from the total independency table, the residuals will increase and
the chi-squared test value will increase over the critical value and the null (independency) 
hypothesis is rejected.
Within the overall test of statistical significance, it is possible to study residuals in individual 
cells, since cell residuals can indicate what kind of association and how strong the association
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is between two variables in a multidimensional frequency table. Because the coefficient de­
pends naturally on the overall N, residuals are usually standardised by the standard error of 
the residuals. Standardised residuals follow the normal distribution and the 95% critical value 
is two or over for rejecting the null hypothesis that the joint cell contains the number of cases 
that would be expected in the case of total independence between two variables.10
Log linear models generate tables of expected frequencies that can be compared with the ob­
served frequencies using goodness-of-fit tests like chi-squared, but they can be applied to ta­
bles of more than two dimensions. A log linear model, in its multiplicative form, writes the 
expected frequency F  in each cell i, j  and k of a multidimensional table as a product of a con­
stant term, the main effects of each variable, and the interactions between them. (Powers & 
Xie 2000). The constant term, main effects and the interaction effects between three variables 
can be estimated as:
Fijk = ^ 7k ̂ ¡j ̂ ik ̂ jk Tijk [3-2]
The r  -parameters describe the (conditional) probabilities in each cell and margins of the ta­
ble. Subscripts i=l,...,I indexes the categories of variable A, j= l,..,J  indexes the categories of 
B and k=l,...,K indexes the categories of C. The 7} is the geometric mean of all frequencies, 
i.e. it is the reflection of the sample size N. The first three r  -parameters describe the coeffi­
cients of one-way effects (merely marginal distributions), r, describes the one-way effect of 
variable A and it refers to a set of parameters that has (1-1) parameters. Consequently Tj and 
Tk describe the one-way effects of variables B and C and they refer to sets of (J-l) and (K-l) 
parameters. Next three r  -parameters describe two-way effects (or paired associations be­
tween variables) and r y refers to a set of parameters that has (I-1)*(J-1) parameters, Tik refer
to a set of (I-1)*(K-1) parameters and r jk refer to a set of (J-1)*(K-1) parameters. The last
parameter TiJk refers to a set of parameters that has (I-1)*(J-1)*(K-1) parameters and this set
of parameters describes the 3-way interaction effects. For example, it allows the association 
between A and B to differ in the categories of C. Since all interaction effects are included in 
the model, [3-2] describes a saturated model that produces the observed frequencies perfectly.
10 To be precise, this is only the case with two variables, since a conditional association can remove paired asso­
ciation when variables are adjusted with a third variable.
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In practise the saturated model is not of much interest because it reproduces the observed data 
exactly and uses all the available degrees of freedom, so it does not provide a simpler account 
of the data. Of more interest are models that fit fewer parameters than the saturated model and 
which allow us to test specific hypotheses. However, in some cases the saturated log-linear 
model can be used in the analysis, for example, to study cumulative risk between the forms of 
deprivation (see Moisio 2002).
By taking natural logarithms from both sides of the equation [3-2], we will have the 'standard' 
additive log-linear model, where variables are often described by superscripts:
log F " *  = e + A f + ABJ + Ack + A f  + A ?  + A *  + A™  [3-3]
Subscripts i= l,...,rindexes the categories of variable A, j= l,..,J  indexes the categories of B 
and k=l,...,K  indexes the categories of C. The 6 is the constant, i.e. again the reflection of 
sample size N. Tests of statistical significance can be performed on individual parameters. For 
parameter Af (as well as A* and Ak ) the statistical significance test is not interesting, since
the parameter only indicates the skewness of the marginal distribution. But with parameters 
describing paired association or higher-level interactions, the statistical significance test of 
parameters and coefficient intervals are the main tools of analysis.
The equation [3-3] is not identifiable without restrictions. In general, for an equation to be 
identifiable, there have to more cases than unknown parameters in the model. In a log-linear 
model these cases are cells and the number of parameters for describing the marginal distribu­
tion is the number of classes minus one. In a multinomial distribution the number of parame­
ters that is required is the same as the number of parameters needed so that no free cells are 
left in the multidimensional frequency table. In the log-linear model, the constant term 6 will 
also require one parameter. The usual way to release the degrees of freedom and this way 
make a log-linear model identifiable is to set the last category of each variable to be equal to 
zero, i.e. as a reference class. The degrees of freedom are then calculated simply by subtract­
ing the number o f parameters from the number of cells.
Observed cell frequencies are then reproduced with the log-linear equation using some itera­
tive estimation method, for example, a Newton estimation, the iterative proportional fitting
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(EPF) or Expectation Maximization (EM) algorithm (Bishop & Fienberg & Holland, 1975; 
Dempster et. al. 1977; Goodman 1979). Estimated cell counts are then compared to the ob­
served ones and the goodness of fit statistics are mobilised to estimate whether the model fit 
the data. The most widely used goodness of fit test is the likelihood ratio chi-square test (G2), 
analogous to the chi-squared test, with the difference that the G2 is calculated using loga­
rithms from the ratios between observed and expected frequencies, not from the cell residuals 
as in the chi-squared test value. The goodness of fit tests represent a trade-off against how 
well the model reproduces the observed data (measured by chi-square or G2 ) and the simplic­
ity of the model (measured by the degrees of freedom).
The likelihood ratio chi-square (G 2) for the goodness of fit test can be calculated using equa­
tion 3-4, where f iJk is the observed cell frequency in the cell ijk and Fijk is the expected, or
estimated, cell frequency of the cell ijk. The G 2 test value follows a X 2 distribution: 
G * = 2 T .f* L o g V m /F m) [3-4]
Another common estimate for model fitness is the dissimilarity index (A) that shows the pro­
portion of cases that should be moved so that the estimated and observed frequency tables 
would be identical. (See Vermunt 1997, 74.) Especially in cases when analysing frequency 
tables with large Ns, or tables with different numbers of observations, the dissimilarity index 
is perhaps more convenient than the G2. When the number of cases in the frequency table be­
comes very large, the G2 may report statistically significant differences between the observed 
and estimated tables, though the difference might be in substance insignificant. Also, the G2 
depends on the size of the Ns, so comparing model fitness between tables with different Ns is 
easier with the dissimilarity index.
The dissimilarity index coefficient for a model can be calculated using the equation 3-5, 
where the f ijk is, again, the observed cell frequency in the cell ijk and FtJk is the estimated cell
frequency of the cell ijk. The A is often multiplied by the value 100 and used as the per cent- 
age of misclassified cases:
A = Z | / « * - * ,w| A 2* )  [3-5]
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A log-linear model is usually presented as a group of symbols, representing the variables, that 
are arranged in a such way as to represent the structure and the associations within the model. 
For example, the first-order simple Markov chain model for three repeated classifications A, 
B and C can be presented as:
{A,B,C,AB,BC}
A simple Markov process is thus modelled by removing parameters and from the
saturated model [3-3]. Omitting these parameters releases (I-1)*(K-1)+ (I-1)*(J-1)*(K-1) de­
grees of freedom, so the simple Markov model is much simpler than the saturated model. 
Usually the presentation of a log-linear model follows the hierarchy-principle: if a higher- 
level term is in the model, all its lower level effects are in the model too, unless the model is 
defined to be a non-hierarchical model. The simple Markov chain can now be written as:
{AB,BC}
The model shows that there are three variables, A, B and C in the model and A only has an 
association with B and B only has an association with C. If A, B and C are repeated meas­
urements and we restrict the transition probabilities between A and B and between B and C to 
be equal (AB=BC), the model describes a time-homogeneous (stationary) first order Mark­
ovian process. Now we can test, if necessary, whether this model produces such estimated 
frequencies that do not differ from observed frequencies. In other words, we can test if the 
model can explain the associations in the transition table {ABC}.
Hence, when building a log-linear model, we must first clarify the conceptual and causal con­
struction that explains and relates variables to each other. Then a hypothesis about the asso­
ciations between the variables in the model is made. The hypothesis is then translated into a 
log-linear model, where variables and parameters are selected, placed and possibly con­
strained in such a way that the model represents the original conceptual and causal construc­
tion. The principal of parsimony guides the model building, in other words, the model is built 
using as few parameters as possible. After the log-linear model is built, the parameters of the 
model are estimated and estimated frequencies are produced by solving the log-linear equa­
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tion using a maximum-likelihood method. Estimated frequencies are then compared to ob­
served frequencies and the fitness of the model is evaluated by diagnostic estimates. If the 
model fits adequately and cell residuals do not indicate any problems, then the coefficients 
and statistical significances of the parameters are studied and the model is interpreted.
Fitting and modifying a log-linear model is very similar when adding a latent variable into the 
model. The difference is that a log-linear model with latent variables reproduced an estimated 
frequency table that has more dimensions than the observed frequency table has. In other 
words, the latent variable(s) only exist(s) as link functions in the log-linear equation and the 
goodness of fit -test is made possible by collapsing the reproduced table over the classes of 
latent variable(s). This will cause some additional difficulties concerning the identifiability of 
the model in Latent Class modelling, as we will see in the next section.
3.5.3 Latent variable extension to log-linear models
3 .5 .3 .1  L a ten t S tru c tu re  M odels
Interpreting an association between two variables is fairly easy, although it already requires a 
theoretical construction for the interpretation to build on. Paired associations can be, for ex­
ample, visualised using scatter plot, box-plot or clustered bar charts. But when the number of 
variables increase, the number of their paired associations also increase and interpreting these 
multiple associations becomes difficult.11 If we want to take possible conditional associations 
into consideration, as we usually do in sociology, then the number of associations, paired and 
conditional, increase rapidly.12 For example, a measurement model with five variables has 50 
possible paired and conditional associations. This applies only to the interval level variables. 
With polychotomous categorical variables, the number of parameters describing paired and 
conditional associations increase even more rapidly when the number of variables increase, 
because more than one parameter is needed to describe the association between the two vari­
11 It is easy to illustrate that the number of paired associations increase as a numerical series 1,3,6,10,15,21.,. 
when the number of variables increase starting from two following arithmetic formula A  = (N  — 1) + A N_X, 
where N is the number of variables and A is the number of associations.
12 The number of paired and conditional associations increase geometrically, following the formula
A  = ( (N  — 1) + A n _x ) * N , when the number of variables increase. The numerical series describing this in­
crease is 2,9,1630,90,147... when the number of variables increase starting from two.
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ables. This means that making a reliable interpretation about the associations between even 
fairly small numbers of variables is already quite inconceivable, unless we have some method 
to overcome this natural limitation of human perception.
The problem of interpreting multiple and simultaneous associations between variables gave 
rise to the idea that there may be only a few factors in the explanation behind these observed 
associations. These explanatory factors were thought to be some kind of latent variables, 
which cannot be directly measured, but only estimated from the observed variables using 
mathematical functions. The first steps toward investigating latent variables were taken in the 
1920s, when Spearman formulated a theory presenting the idea that observed associations 
between numerous ability tests can be explained by one general (g) factor. For example, posi­
tive correlations between paper and pen ability tests can be explained by one latent factor - 
intelligence. A few decades later Thurstone extended this theory to include multiple factors 
and developed a method of rotating the axes. Using this factor analysis, it was now possible to 
create latent variables and to calculate a person's score within them. With multiple factors, the 
theory extended from the study of ability to the measurement of personality. Finally, factor 
analysis found its way into the social sciences and gained popularity in the 1960s and 1970s 
as a general exploratory factor analysis. (Bollen 1989.)
However, exploratory factor analysis is very easy to misuse, for example, the axes rotation 
can be manipulated to get the desired result. It was the misuse and casual application of ex­
ploratory factor analysis in the social sciences that led to increasing criticism towards it. In the 
1960s a more sophisticated type of factor analysis method was created in answer to the 
aforementioned problems of exploratory factor analysis. Jbreskog (1969) developed the con­
firmatory factor analysis method that lifted factor analysis into a higher theoretical level than 
it had been in with exploratory factor analyses. In the latter, the latent factor was merely used 
as a tool for data reduction, but in confirmatory factor analysis, the latent variable resembled a 
pure concept or abstraction. This abstraction has to be derived from a theory before actual 
analysis, because its compatibility and construction are 'tested' against empirical data. The 
testing of constructed relationships between the latent variable(s) and observed variables gave 
the name 'confirmatory' to this type of factor analysis.
A parallel development took place at the same time among sociologists - Lazarsfeld and 
Henry (1968) were developing a measurement model that could relate the latent variable to
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the observed variables. As sociologists they were more interested in developing measurement 
models for categorical variables, since many of the most important concepts in sociology can­
not be measured as continuous or interval level variables (e.g. gender and social class). They 
created and defined the method of latent structure analysis, which included a large family of 
latent structure models designed for nominal, ordinal and discrete interval or ratio level mani­
fest variables.13 Latent structure analysis is based on the idea that constructed latent structure 
is tested against the data,14 so it follows the logic of confirmatory factor analysis from its be­
ginnings. Despite the similar heuristic foundations (i.e. confirming the latent structure), these 
two methods of analysis were developed for different kinds of measurement situations and 
objects. This is the reason why in this section, the confirmatory factor analysis and other 
structural equations models (e.g. LISREL models) for continuous manifest variables are 
given much less attention than the latent structure models with discrete latent and manifest 
variables.
Here, latent structure models are interpreted using Lazarsfeld and Henry’s (1968, 15-7) defini­
tion. In general, they defined latent structure models as measurement models that relate the 
discrete or continuous latent variable(s) to the discrete scores or categories of manifest vari­
ables. There can be more than one latent variable, but often only one latent variable is as­
sumed in the latent structure model. They also stated that the relations between the latent vari­
able and manifest variables are stochastic. The relationships between latent and manifest vari­
ables are accounted for by probabilistic relationships. These probabilistic relationships are 
treated under the axiom of local independence.
The axiom of local independence, formulated by Lazarsfeld and Henry (1968, 17), can be 
seen as the defining characteristic of latent structure models. In every latent structure model it 
is assumed that the observed associations between manifest variables depend on the relation­
ship between latent and manifest variables. This means that if we standardise manifest vari­
ables using the latent variable, associations between manifest variables should become locally 
independent. Thus, the axiom of local independence assumes that if we hold the latent vari­
able constant, manifest variables should be statistically independent from each other (Heinen
13 This definition follows Bartholomew's (1987) definition that latent structure models are latent variable models 
with categorical latent variable(s) and discrete or continuous manifest variables. However, Lazarsfeld and Henry 
(1968) also included in some cases models with continuous latent and/or manifest variables into the family of 
latent structure models.
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1996, 6). It is assumed that this 'additional1 latent variable explains the observed relationships 
(McCutcheon 1987, 16). Thus, the axiom of local independence assumes causality from the 
latent variable(s) to the observed variables, even if no causal assumption is made on the na­
ture of an association between manifest variables.
Hence, latent structure models are heavily loaded measurement models both in the perspective 
of mathematics as well as epistemology. The axiom of local independence makes it possible 
to estimate a statistical model where a latent variable is modelled behind the observed re­
sponse pattern (or correlation or covariance matrix). The constructed theoretical background 
that explains what this latent variable is and why it relates to the observed variables the way it 
does will give life to these mathematical functions.
3.5.3.2 Latent Class Modelling
Latent Class modelling is built around the axiom of local independence. The axiom of local 
independence is, in fact, based on the simple idea of elaboration. If we think that two vari­
ables are supposed to measure the same thing, for example two opinion statements on certain 
political decisions, they should be 'locally' independent from each other if we held the latent 
'political orientation’ -variable constant. This follows the statistical inference of elaboration, 
where the relationship between A and B is explainable due to C, if the relationship between A 
and B disappears when C is held constant - or in the case of C being categorical, if the rela­
tionship between A and B disappears in the categories of C. In other words, A and B are lo­
cally (conditionally) independent in the classes of C. This line of inference also holds when C 
is an unobserved, that is, latent variable. The only difference with a latent variable C is that 
we cannot now allocate the sample into the categories of C for elaboration - elaboration with a 
latent variable has to be done with the linear equations of the latent structure model.
It can be said that the latent class (LC) model is a log-linear model where there are more di­
mensions in the estimated frequency table than there are in the observed frequency table. 
Presentation and estimation of the LC model thus follows the presentation and estimation of 
the log-linear model. The observed frequencies are reproduced by conditional probabilities 14
14 However, there are presentations on how to use the latent structure analysis in an ex­
ploratory way e.g. Goodman (1978).
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using the following equation [3-4], the mathematical formalisation of the axiom of local inde­
pendence, which can be seen as the main characteristic of the LC model:
7T,ABCX tjti
A B C X
P (X = t\A B C ) = 7tk0b V  < rr.A B C X
ijki
[3-4]
Subscripts /=1,...,I indexes the categories of A ,y= l,..J  indexes the categories of B, *=1,...,K 
indexes the categories of C and f=l,...,T indexes the categories of the latent variable X. The 
equation [3-4] expresses the conditional probabilities that a given case is located in the i, j ,  k!h 
cell in the observed response pattern when the latent class r=l,...,T is given. The conditional
probability of belonging the / ,y, k!h cell when X is known, n*£cx , is calculated by dividing
the latent probabilities belonging to the i ,y, k,fh cell in ABCX table, , by the sum of
these probabilities over the t latent classes. In other words, the equation explains all the asso­
ciations between observed variables by their association with a latent variable. Equation [3-4] 
represents a LC model with one variable, but it can be extended to encompass more than one 
latent variable; however, the equation becomes longer and much more difficult to grasp at a 
glance.
The presentation and estimation of the LC model is straightforward, and model building is 
very similar to the building of a log-linear model. The log-linear equation of a LC model ex­
presses the expected frequency F  in the i, y, k,tth cell ABCX table as:
Manifest variables A, B and C, and the latent variable X, are described by superscripts. Sub­
scripts i= l,...,1 indexes the categories of A,y=l,..,J indexes the categories of B, Jb=l,...,K in­
dexes the categories of C and /=1,...,T indexes the categories of X. 6 is the constant, i.e. it is 
the reflection of sample size N. The first three lamda (X) parameters describe the coefficients 
of main effects (describing marginal distributions) and the next three parameters describe 
paired associations between the latent variable X and the manifest variables A, B and C.
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Because there are no parameters in the equation [3-5] describing associations between the 
manifest variables, the model tests the hypothesis that relationships between the variables A, 
B and C can be explained by their relationship to the latent variable X. If this is the case, then 
we can say that the latent variable X 'explains' the pairwise associations between A, B and C. 
Parameters in [3-5] have to be constrained so that the equation would be identifiable, as was 
the case with log-linear models. The usual method is to set the sum of X parameters to be 
equal to zero over any subscript. The maximum likelihood estimates for the parameters can be 
obtained using an iterative EM algorithm (Dempster et. al. 1977). For more detailed insights 
on the technical and philosophical foundations of Latent Class models, see Goodman (1978), 
Lazarsfeld & Henry (1968) and McCutcheon (1987).
To obtain maximum likelihood estimates for the LC model the following equations (3-6) - (3- 
8) have to satisfy equations (3-9) - (3-12) (McCutcheon 1987, 21-27). The equations describe 
an LC model with three manifest variables A, B and C with a latent variable X. The equation 
3-6 presents the estimated probability o f an observation being located in the cell i,j,k,t 
{n ™cx) as the product of the estimated latent conditional probabilities and latent class prob­
abilities. Latent conditional probabilities , n BX t7t^x ) indicate the probability that an ob­
servation in latent class r=l,...,T also has a value, for example, i= l, in variable A. Latent class 
probabilities n x identify the number of latent classes and their relative sizes:
-ABCX „  -A X  -B X  -C X  —X 
7 1  la  n t [3-6]
If we sum the equation 3-6 over the latent classes r=l,...,T we will obtain equation 3-7 which 
provides estimated probabilities for the observed frequency table {ABC}:
*  [3-?] 
i
Since each observed case has to be located into the latent classes with the total probability of 
1.00, the conditional probabilities in /=l,...,I,y‘=l,..,J and ¿=1,...,K categories have to sum to 
1.00 within each latent class i= l.....T. This is presented in the equation 3-8:
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YA‘' = - IX* = 1 00 i3-gi
* j *
The iteration for obtaining the maximum likelihood estimates for the LC model parameters is 
started with initial trial values for the latent conditional probabilities and latent class prob­
abilities in equation [3-6], These initial values then give an estimate for the that is then
used to solve equation [3-7] and equation [3-4] (the axiom of local independence). These ini­
tial estimates for the latent conditional probabilities and latent class probabilities are then used 
in equations [3-9] to [3-12].
In the equations [3-9] to [3-12] the observed cell probabilities in the table {ABC} are pre­
sented as p ljk to differentiate from the estimated probabilities, presented as 7t ijk. By placing
the estimated 7Z**CX from equation [3-4] in equation [3-9], we can obtain an estimate for the 
latent class probability, which determines the probability of a case belonging to the latent 
class r=l,...,T. The n f  also indicates the relative size of the latent classes:
> < / * < "  P-9]
y*
Latent conditional probabilities are obtained by fitting the solutions from the equations 3-4 
and 3-9 into the equations 3-10,3-11 and 3-12. Equation 3-10 estimates the conditional prob­
ability of being in the latent class r=l,...,T when A has the value i= 1.....1. Correspondingly,
the equations 3-11 and 3-12 estimate these conditional probabilities for the other two ob­
served variables B and C. Estimates from equations 3-10, 3-11 and 3-12 are placed again in 
equation 3-6 and a new iteration round starts. The iteration stops when the differences be­




= - ----- j-------  [3-10]
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[3-11]
Z / V t f “
Jk_________
l i v e *
n ™  5-------  [3-12]
*■/
The degrees o f freedom of an unrestricted LC model can be calculated using the formula, [3- 
13], where I indicates the number of the categories in A, J the number of categories in B, K 
the number of categories in C and T the number of latent classes in X. The value of the equa­
tion [3-13] has to  be positive otherwise the LC model is not identifiable. Also, the LC model 
is prone having local maxima, so the identifiability of the LC model should be always esti­
mated using m ore than one set of initial values. (McCutcheon 1987,21-26.)
DF = (IJK - 1) -  [ ( /  + J + K -  2)T - 1] [3-13]
The latent class model is often presented as a group of symbols, representing the variables in 
the model, arranged in such a way as to represent the assumed associations between the vari­
ables. The basic LC model, presented in the equation [3-4], can also be presented this way as:
{X, A,B ,C, AX,BX,CX}
or, if we follow the hierarchy principle in the model building as is usual, the model can be 
presented succinctly as:
{AX,BX,CX}
By imposing restrictions to the model we can test various hypothesis about the structure of 
associations within the panel. For example, by constraining the latent conditional probabilities 
to be equal (AX=BX=CX) we can test the hypothesis that the probability to belong in the la­
tent class f= l,...,T  has the same distribution in the categories of manifest variables i=l,...,I, 
7= 1,..,J and^= l,...,K .
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3.5J.3 Simple, Mixed and Latent Markov Models
Latent class modelling can be used for expanding a simple Markov model into a multiple 
(Mixed) Markov chains model or into a latent Markov model. Simple, mixed and latent 
Markov models can be put into a hierarchical order: every mixed Markov model contains at 
least two simple Markov chains and every latent Markov model contains either a simple or 
Mixed Markov model, (van de Pol & Langeheine 1990; Breen & Moisio 2004.)
The simple Markov model for one of our four-way poverty transition tables can presented as:
Fm l= N S iTJVTl \jTIVi [3- 14]
where the expected frequency F  in the i, j, k, I* cell is presented as a function of the sample
size N, initial probabilities S  and transition probabilities r .  Subscript i={ 1,2} indexes the
state of the poor and the not poor at the first wave, j={l,2}, k={l,2) and I={1,2} index the 
states in the later waves. The S 's indicate the initial distribution over states (probabilities of
being in the i={ 1,2 } categories) and the r ’s indicate the transition probabilities into a state at 
t+J given the membership o f one or other state at t.
The simple Markov model can be expanded into the mixed Markov model by introducing two 
or more latent classes into the model. This can be presented as
5
= N ^ d?£sSiiT$ j\(Ts k\jTs t\k [3-15]
The new parameter#, specifies several Markov processes or chains (indicated by s=l,...,S)
and indicates the proportions of the sample in each of the S chains. As the sigma indicates, the 
expected frequency is now a sum over all the simple Markov chains. We can derive the sim­
ple Markov model from the equation [3-15] by setting S=l, but for S >1 the membership of 
the different chains is defined by latent classes. Another important special case when using 
this model arises when S=2 and for one of the chains, r ;]l. = 1 if j  = i, and r y(l = Oif i *  j , and
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similarly for all the other transition probabilities. This special case of a mixed Markov model 
is the Mover-Stayer model, in which the population is divided into those who never change 
state and into those who do change states (at least once).
The true and observed values can be separated (and this way measurement error captured) by 
using the latent Markov model. The model now assumes that to each observation of the states 
(manifest variables i={ 1,2 }, j={ 1,2 }, k={ 1,2 } and 1={ 1,2 }) there corresponds a latent variable 
which measures the true distribution over the states. These latent variables are specified by the 
size of the latent classes and the probabilities of being observed in a given manifest class con­
ditional on being in a given latent class. The latent Markov model presented in equation [3- 
16] is a measurement model that assigns each observed variable to its latent counterpart with 
probabilistic relationships and assumes independence between the latent variables, as well as 
between the manifest variables:
A B C D
Fyu — N '£ ^ r d̂ Td̂ S ap i\apj\bp k\cp i\d [3-16]
b - 1 c * l  </=1
The latent variables are denoted a=l,...,A, b=l,...,B, c=l,...,C  and D=1,...,D. The marginal 
probability distribution in the first latent variable is given by S  and the relationship between 
the observed variables I, J, K  and L  and their latent counterparts, A, B, C and D  is described 
by the conditional response probabilities p . The closer the response probability matrix is to an
identity matrix (i.e. p ^ ^ =1 when the latent and manifest states are the same, or 0 oth­
erwise) the smaller is the measurement error of the variable. The matrices of p  parameters 
can thus be interpreted as measures of reliability.
The structural part of the measurement model does not have to assume independence between 
the latent variables. We can assume, for example, that the latent variables follow a simple 
Markovian process. In this case the equation is written as:
A B C D
F iJkl =  X Z E  $a?b\a^c\b?d\cPi\aP i\bPk\ePl\d P - 1 7 ]
a=I ¿>=1 c=I d=l
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where the r ’s now indicate the transition probabilities between the latent variables, hence 
serving the function in the latent Markov model as the r  *s in the simple or mixed Markov 
model. So the latent Markov model [3-17] contains the structural model (simple Markov 
chain) and a measurement model that describes how the manifest and latent variables are re­
lated. Model [3-16] can be derived from [3-17] by imposing the constraint that the matrices of 
r  parameters are all identity matrices.
Lastly, we can assume that the structural part of the measurement model is a mixed Markov 
model. This can be presented as:
S A B C D
FjjM — ^  1 / L ^ ia ^ i ,b \a ^ i ,c \b ^ s .d \c P t ,i \a P s .j \b P iA \c P s .\ \d  [ 3 _ 1 8 ]
b=1 6=1 c=l <f=l
The latent mixed Markov model is a group of latent simple Markov processes indexed by 
s=l,...,S, each of which can have its own measurement part in the model. For example, in the 
latent Mover-Stayer model we can assign different reliabilities for the movers and for the 
stayers.
Maximum likelihood estimates of models 3-14 to 3-18 can be found using the EM algorithm 
(Dempster et. al. 1977). However, many latent class models will not be identified because 
they will require more parameters than there are degrees of freedom. Even when this is not the 
case, identification may be a problem. For example, for any latent Markov chain over three or 
more waves, the reliability matrices ( p ' s )  of the first and last waves will not be identified 
(Van de Pol and de Leeuw 1986:126). Goodman (1974b) provides a rank test for the identifi- 
ability of simple latent class models. All the models used in the following empirical chapters 
are fully identified.
The latent (mixed) Markov model can be used for correcting the over-estimation of mobility 
in panel data by breaking down the observed change and stability into true and error compo­
nents using the parameter estimates of the model. Using the terminology of Langeheine and 
van de Pol (1990) in the model [3-19], the total proportion of stability (TOS) is the proportion 
of cases remaining in their original state throughout the observation period, expressed as a 
proportion of the total sample. Hence, TOS indicates true stability. In the model [3-20] the 
TRS, or ‘true observed stability*, can be thought of as the proportion of true stability TOS that
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r a n s n n  ! ULllffWill




™ S = Z  ±  [3*20]
a=1 fr=1 d*I
(i=a, j=b, k=c, l=d, a=b=c=d in 3-19 and 3-20)
Observed change itself can be deconstructed in a similar way. Total change, TOC, indicates 
true change and it can be calculated as: TOS + Perfect Stability + TOC = 100%. Perfect sta­
bility is the proportion of stayers in the Latent Mover-Stayer model that are assumed to be 
measured perfectly. TOC can be partitioned into true observed change TRC and error. TRC is 
the proportion of true change TOC which is observed as such:
r a C  = !  I  13-21]
0*1 ¿>=1 c=l d* 1
(i=a, j=b, k=c, l=d, not a=b=c=d)
By comparing the true observed stability (TRS) and true observed change (TRC) to the true 
stability (TOS) and the true change (TOC) we can estimate how much the random error in­
creases the observed estimates of mobility in our poverty transition tables.
3.6 Conclusions
In the third chapter we presented the research hypotheses, the data and the methods of the 
study. We started by presenting the four research hypotheses that this study tries to falsify. 
These hypotheses were derived from several influential theories on poverty and social mobil­
ity research. The first hypothesis tests the assumption that the population is heterogeneous in 
relation to the transition of poverty. This hypothesis is derived from the individualisation the­
sis that argues that in the affluent welfare states poverty touches even the middle classes, im-
plying that poverty incidences are somewhat equally distributed throughout the population. 
The second research hypothesis states that poverty mobility is over-estimated in panel data if 
random error is not taken into account. This thesis is based on classical test theory and on the 
previous studies that have shown that random error causes an over-estimation of mobility in 
panel data. The third hypothesis states that the dynamics of poverty are common across direct, 
indirect and subjective deprivation measures. This hypothesis is based on the thesis that direct 
and indirect head-count poverty indicators measure the same dynamic process, but in its dif­
ferent phases. The fourth research hypothesis states that poverty dynamics are common across 
countries. This hypothesis is based on recent empirical studies, which have indicated that 
many countries have surprisingly similar patterns of relative poverty mobility, despite large 
differences in their cross-sectional poverty figures.
After presenting the research hypotheses, section three presents the data and variables. As in 
many contemporary European level longitudinal poverty studies, this study uses the European 
Community Household Panel (ECHP) as the data. Ten EU countries are selected for analysis. 
Three well-known direct, indirect and subjective head-count poverty and deprivation classifi­
cations are selected, and used in four repeated measurements between 1994-1997: relative 
financial poverty, housing deprivation and the subjective deprivation measure.
The descriptive figures that these three indicators give are presented in section four. The pre­
liminary findings from these figures are that poverty and deprivation dynamics seem to have 
following characteristics. First, poverty and deprivation spells are usually relatively short in 
duration, but they touch quite a large part of the population. Secondly, even a single poverty 
or deprivation incidence will mean that the risk of poverty will stay high for years. Thirdly, 
the majority of the population never experience poverty or deprivation and only a small frac­
tion live in constant poverty or deprivation. A model that could explain this kind of dynamic 
structure would assume that the population is divided into the three groups of people. The first 
group would be those who will never experience poverty and they would form the majority of 
population. The second group would be a small group of people who live in constant poverty. 
The third group would be a movers* group, 20-40 per cent of the population, whose members 
move in and out of poverty and because of this, live with a constant and relatively high risk of 
poverty.
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To answer whether this preliminary model is correct, and to test the original research hy­
potheses, we need more sophisticated methods than were used to gain the descriptive poverty 
figures. For this, in section five, the family of Markov chain models was presented as a tool­
box for modelling poverty dynamics in a discrete time and space. Simple, Mixed and Latent 
Markov models were presented and it was described how they can be converted into testable 
log-linear models. The simple Markov model assumes that there is a homogenous population, 
in other words, the model assumes that the population has one common trajectory in their 
poverty transitions. The Mixed Markov model, on the other hand, tests the assumption that 
the population is heterogeneous and that the different groups in the population follow their 
own separate simple Markov process. Finally, we showed how a Latent Mixed Markov model 
can be used as a genuine measurement model, containing a structural part and a measurement 
part, to separate the true change from the error and in this way estimate how much observed 
poverty mobility is over-estimated because of random error. To summarise, section five 
showed that by embedding latent variables into log-linear models we get a powerful and 
flexible tool that will now be used in the following chapters to model and compare the dy­
namics of poverty and deprivation.
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4. MODELLING THE DYNAMICS OF POVERTY
4.1 Introduction
Four research hypotheses were formulated in the previous chapter. In this fourth chapter we 
test empirically the first two of them. The first research hypothesis states that the transition of 
poverty (poverty fluidity) is not common across the population, in other words, the population 
is heterogeneous in its relation to poverty transition. The descriptive poverty and deprivation 
figures have already indicated that a part of the population seems to have a permanent high- 
risk poverty trajectory, while the majority has a permanent low-risk poverty trajectory. So if 
we can model the transitions of poverty and deprivation only with a model that assumes a 
heterogeneous population, then we can accept the hypothesis that there are different poverty 
trajectories in the population. In this way we can also test, though indirectly, the individuali­
sation thesis: if the proportion of stayers (either in poverty or not in poverty) is high in the 
population, it indicates that poverty is (still) very much a non-transitory and structural phe­
nomenon. The second research hypothesis states that poverty mobility is over-estimated if 
random error is not taken into account. Based on previous studies, we expect that a part of the 
observed poverty mobility in our transition tables will be caused by random error. We try to 
estimate the size of this over-estimation by using measurement models that allow for error in 
the measurement.
The research hypotheses are converted into testable models using log-linear modelling tech­
niques, presented in the preceding chapter. Several Simple, Mixed and Latent Markov mod­
els, as well as some Latent Class and Independence models, are fitted separately for each 
country. The set of models is first fitted to the financial poverty transition tables in section 
two, then to the housing deprivation tables in section three and finally to the subjective depri­
vation transition tables in section four. A Latent Markov model (that has a Mixed Markov 
model as the structural part) is able to describe satisfactorily associations observed in the fi­
nancial poverty, deprivation and subjective deprivation transition tables. Using the parameter 
estimates of this measurement model we estimate the true stability and change in the transi­
tion tables. The fifth section summarises the results of the chapter.
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4.2 Dynamics o f financial poverty
4.2.1 Modelling poverty transition with Latent Class and Markov models
Following the suggestion of Langeheine and van de Pol (1990), we try to improve the fitness 
of a Simple Markov chain model by allowing both the heterogeneous population and meas­
urement error into the model, turning a Simple Markov model eventually into a Latent Mixed 
Markov model.15 All the Markov models that will now be presented describe a first-order (la­
tent) Markovian process. The Markov models are first tested with the usual equality restric­
tions on the (latent) transition probability matrixes. (In Latent Class models, equality restric­
tions are imposed to the latent conditional probability matrixes.) The equality constraint on 
the (latent) transition probabilities would simplify the Markovian process to the extreme by 
assuming that the transitions from one wave to another are common, in other words, the 
Markovian process would be unchangeable through time. This assumption about the Mark­
ovian process being unchangeable would help us to present and interpret financial poverty 
fluidity. But the variation in the transition probabilities from one wave to another is substan­
tial (as we will see in the Table 4.2.1), so we cannot assume that poverty transitions are in­
variant. It seems that we have to allow poverty transitions from measurement point t to t+1 to 
vary, in other words, to allow the two-way transition probabilities to be non-stationary. How­
ever, the model fitness diagnostics of the original constrained Markov (and LC) models are 
presented before testing the same models without restrictions. All the tested models are identi­
fiable and no local maxims were detected. The LEM syntaxes for all models are presented in 
the Appendix A.
Table 4.2.1 presents the model fit diagnostics of twelve models that each contain a set of as­
sumptions about the stochastic process that was suspected to lie under the observed financial 
poverty transition. We start the model fitting with two models, the Independence and Quasi- 
Independence models, that actually assume no process or connection between the measure­
ment points. These models with their rather extreme assumptions about the transition in the 
panel, or better, lack of it, are a reference point or a yardstick for the actual Markovian chain 
modelling. The Independence model can be viewed as a Markov model where all transition
IS The third path to improve the goodness of fit of a Markov chain model would be to allow higher-level interac­
tions to the transition chain, but we do not use this method, mainly because a second or higher order Markov 
chain no longer simplifies the stochastic process by much, as was discussed earlier.
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parameters are omitted: the model tests the hypothesis that there are no associations between 
the repeated measurements. In other words, the Independence model assumes that an inci­
dence of poverty is independent from the previous situation(s). The Independence model, or 
more precisely, its mismatch with the observed table, shows how strong associations are in a 
transition table. We can interpret the likelihood-ratio (G2) value and dissimilarity index (A) 
value of Independence model as indicators of how deterministic poverty is on the transition 
table. When observing the proportion of misclassification (A) in the Table 4.2.1, it seems that 
the financial poverty transition is least deterministic in Denmark and most deterministic in 
Portugal.16 With 11 degrees of freedom, the Independence model has the G2 value o f 1856.6 
and the A value of 15.2 in Denmark. In Portugal, the corresponding values are (G2) 14037.4 
and (A) 40.0. In other words, an incidence of financial poverty seems to predict financial pov­
erty in the near future most strongly in Portugal, while in Denmark current poverty status is a 
much weaker predictor of poverty than in Portugal.
16 When comparing countries here it is safer to rely on the dissimilarity index than to the likelihood-ratio, since 
the likelihood-ratio also reflects the sample size. We could standardise the likelihood-ratios by Ns, as will be 
done in chapter six, but this standardisation is not done here, because the main goal here is to model poverty 
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1
The Quasi-Independence model tests the hypothesis that those who move, move randomly. In 
other words, only two interaction parameters, located in the two non-movers cells, are esti­
mated for describing all the associations in the n-way transition tables.17 The Quasi- 
Independence model has 9 degrees of freedom and the dissimilarity index (A) indicates that 
the model misclassifies fewer cases than the Independence model. The Quasi-Independence 
model seems to have the best fit in the Spanish table (G2=245.2; A=2.6) and the poorest fit in 
the UK table (G2=766.6; A=6.4). When comparing the differences in the model fit o f the In­
dependence and Quasi-Independence models, we can conclude that there are large differences 
between countries in their total poverty mobility at the population level, but the differences in 
poverty mobility are smaller between countries when we study just those who have experi­
enced poverty. In other words, those who have experienced a poverty incidence at least once 
and this way have moved across the poverty threshold (at least once) in the panel seem to 
move as randomly in every country.
The Simple Markov chain model (model 3) releases the associations between two successive 
waves describing the basic first-order Markovian process. Simple Markov and Simple 
Markov* models test the hypothesis that only the situation at time t-1 has an effect on the cur­
rent situation at time t. Both models also assume that there is a homogeneous population. In 
other words, models assume that everybody in the population follows the same poverty trajec­
tory. The Simple Markov model has its two-way transition matrixes restricted to be equal, i.e. 
stationary. In the Simple Markov* model, the stationarity constraint is removed. The Simple 
Markov model has quite a poor fit in every country. The best fit can be found in the Dutch 
table, where the Simple Markov model has the G2 value of 708.2 with 12 degrees of freedom, 
misclassification being 6.0 per cent of all cases. The largest mismatch can be found in the 
Spanish table where the G2 value is 2685.6 and the misclassification is 14,0 per cent of all 
cases. Removing the stationarity constraint from the two-way transition matrixes takes four 
degrees o f freedom, but it improves the model fit only little. In most of the countries, relaxing 
the stationarity assumption does not improve the fitness at all. The unrestricted Simple 
Markov* model has 8 degrees of freedom and the best fit can be found again in the Dutch 
table (G2=660.1; A=5.5) and the poorest fit (again) in the Spanish table (G2=2566.1;
17 Thus the Quasi-Independence model is not assuming independence between t and t+1 in the total population, it 
assumes total independence only among those who change their poverty status at least once between time t and 
t+n.
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A=13.8). So it seems that with or without the s ta tio n ary  constraint on the transition prob­
abilities, the single chain (first-order) Markov chain model is incapable o f describing the ob­
served associations in the financial poverty transition tables. The mismatch between the ob­
served and estimated cell frequencies is around ten per cent in most of the countries. This 
suggests that the population might not be homogenous in relation to the transition of poverty 
and that there is more than one poverty trajectory, or process, that the population follows.
We can allow the population to be heterogeneous by increasing the number of chains in the 
Markov model. Models 5 ,6  and 7 are Mixed Markov models that contain two simple Markov 
chains. There are no degrees of freedom left to estimate a Markov model with two chains 
without some restrictions on the transition matrixes, so the Markov 2 chain model is the com­
bination of two stationary Simple Markov chains. The Markov 2 chain model has 8 degrees of 
freedom and it has a relatively good fit in some countries. For example, in Greece the G2 
value is 109.6 and the misclassification is 1.7 per cent of all cases. The Markov 2 chain model 
has the poorest fit in the Danish table (G2=305.4; A=4.8). If  we constrain the transition prob­
ability matrixes of the second chain in a two chain Markov model to be an identity matrix, we 
get the classical Mover-Stayer model. The Mover-Stayer model simplifies the transition proc­
ess into a model with an easily written description: the model explains the observed transition 
with the model that there are two non-mover groups, never in poverty and always in poverty, 
and between these non-mover groups there is a group of movers that follow a simple Markov 
chain. However, the Mover-Stayer model where the movers' chain is constrained to be sta­
tionary does not have a particularly good fit in most of the countries. The stationary Mover- 
Stayer model has 10 degrees of freedom and the best fit can be found in the French table, 
where the G2 has value 136.5 with the A value of 1.8 per cent. In the rest o f the countries, the 
stationary Mover-Stayer model misclassifies 2 per cent or over of the all cases. The poor fit is 
probably due the stationarity restriction, since already with the Simple Markov model we dis­
covered that that the poverty transition probabilities are not constant over time. So in the 
Mover-Stayer* model, we remove the stationarity restriction from the movers’ chain. This 
takes four degrees of freedom, leaving 6 degrees of freedom to be used. The time- 
heterogeneous Mover-Stayer* model has quite a good fit in many countries. The best fit can 
be found in the Dutch table, where the likelihood ratio has the value 64.4 and the misclassifi­
cation is 1.2 per cent. In the rest of the countries the misclassifications remain below 3 per 
cent, except in Ireland where the A value is exactly 3.0 per cent.
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It seems obvious that the population is heterogeneous with respect to poverty transitions. But 
just allowing the population to be heterogeneous does not seem to be enough to make a 
Markov model fit the data. The next step to improve the model fitness would be to allow the 
Mixed Markov model to measure poverty transition imperfectly, just like Langeheine and van 
de Pol (1990) suggested. Before we begin to use actual measurement models, with error, we 
should introduce two models that isolate the measurement error that we expect to responsible 
for the mismatch between the model and the observed dynamics. For this purpose we fit to 
our transition tables two Latent Class (LC) models, which both have two latent classes. The 
LC model tests the extreme hypothesis that there is no true change in the panel, instead, all 
observed transitions are simply error. The eighth model is a stationary Latent Class model in 
which all the reliabilities are constant over time. It tests the assumption that (i) there are two 
classes of people in the population, poor and non-poor, and (ii) people do not change their 
class in the panel. All the observed transitions are assumed to be misclassifications. The sta­
tionary LC model has 12 degrees of freedom and the model does not have a particularly good 
fit in any of the countries: in most of the cases misclassifications vary between four and seven 
per cent. The unstationary LC* model (where the reliabilities can vary between measurement 
points) has 6 degrees of freedom and it fits much better with the data than the stationary LC 
model. The best fit is found in Denmark, where the G value is 76.4 and the dissimilarity in­
dex value is less than two per cent. However, bearing in mind the rather extreme hypothesis 
that these models represent, i.e. that all observed transitions are error, the fit of the unre­
stricted LC* model is strikingly good. This indicates that a substantial part of the observed 
mobility in our financial poverty transition tables is due to measurement error. That is, a non- 
mobile case (either never in poverty or always in poverty) is misclassified as poor while really 
non-poor or as non-poor while really poor in one (or more) of the measurement points.
In the last three models (models 10, 11 and 12) we incorporate measurement error in the 
Markov chain model by constructing a measurement model that contains a measurement part 
and a structural part. The structural part represents the associations between the variables, 
which are assumed to follow a Markovian process. The measurement part defines the prob­
abilistic way that every observed variable relates to (i.e. measures) the structural component 
of the model. The structural parts in the stationary and in the time-heterogeneous Latent 
Markov models (models 10 and 11) are direct counterparts to the stationary and the time- 
heterogeneous Markov models, as the structural part of the time-heterogeneous Latent Mover-
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Stayer model (model 12) is the direct counterpart to the time-heterogeneous Mover-Stayer 
model. In other words, in these three Latent (Mixed) Markov models, the Simple Markov 
chain(s) is a latent structure and the observed measurements are related to this structure with 
probabilistic relationships, allowing for error in the measurement. In all three Latent Markov 
models we set the reliabilities (probability matrixes between the observed measure and its 
latent counterpart) to be time-homogenous.
The stationary Latent Markov model (model 10), where the latent transitions are set to be sta­
tionary, has 10 degrees of freedom. The model has the best fit in the Dutch panel (G2= 120.3; 
A=2.1), but in the other countries the mismatch is substantially higher. The (Simple) Latent 
Markov model is clearly unable to describe the observed association in the financial poverty 
transition tables. However, when comparing the misclassifications (A) of the (Simple) Latent 
Markov model to the misclassifications produced by the Simple Markov model (model 1), we 
see that taking into account measurement error we improve the fit by between 24 and 79 per 
cent, depending on the country. Furthermore, the time-heterogeneous (Simple) Latent 
Markov* model (model 11) decreases the misclassifications to a fraction of those produced by 
the Simple Markov models (stationary or time-heterogeneous). These results strongly confirm 
our suspicion that random error plays a substantial part in observed mobility and causes seri­
ous mismatches between the model and the data.
However, it seems that taking measurement error alone into account is not enough to achieve 
an adequate model fit. The good fit of the time-heterogeneous Mover-Stayer* model (model 
7) indicates that the population is heterogeneous and that poverty transitions are time- 
heterogeneous, so, in the final model, we allow for error as well as population and transition 
heterogeneity in the model - or, to be more precise, in the structural part of the model. The 
time-heterogeneous (partially) Latent Mover-Stayer model* (where the movers' chain is time- 
heterogeneous) assumes that the stayers are measured without error and the reliabilities for 
the movers are time homogenous. In other words, the model allows constant error when esti­
mating the movers’ states, but assumes that the stayers are measured perfectly. The time- 
heterogeneous Latent Mover-Stayer model has 4 degrees of freedom and yields a good fit to 
most countries* tables. A is two per cent or less in every example except in Spain where it is
2.1 and in the Dutch, French, Italian and British tables, less than one per cent. Although the 
G2 values indicate that there are statistically significant differences (at the .05 level) between
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the estimated and observed frequencies (except in the Netherlands), taking into account the 
sample size and the nature of our frequency tables (transition tables), this degree of fit seems 
satisfactory. We therefore conclude that the poverty dynamics seem to follow a process that 
can be described by the time-heterogeneous Mover-Stayer model that allows for error in the 
measurement of the movers’ poverty state.18
Before we accepted this model as our final model, we tested also a model that made no con­
strains on the stayers’ reliabilities (except that they are time-homogeneous), i.e. the model 
assumed separate error for the stayers chain. Releasing the reliability matrices in the stayers' 
chain took two degrees of freedom, but it did not improve the model fit. So, from the two 
models with the same goodness of fit, we chose the simpler model for the analysis. This fol­
lows the principle of parsimonious in the model building, The simpler model is the Latent 
Mover-Stayer model with no error in the stayers' chain.
4.2.2 Error corrected estimates for poverty dynamics
Table 4.2.2 presents the estimated parameter values of the final time-heterogeneous (partially) 
Latent Mover-Stayer model. The first column shows the jc coefficients that indicate the pro­
portions of movers and stayers in the population. When observing the 71s we can see that there 
are large differences in the proportions of movers and stayers between countries. In some 
countries the proportion of movers is large, as in Denmark, the Netherlands and Portugal. In 
some countries the proportion of movers is relatively small, as in Belgium, France and Spain. 
The initial probabilities 5 indicate how many movers (or stayers) are classified as poor and 
how many as non-poor in the first measurement point. The initial probabilities show that over 
90 per cent of the stayers are classified as non-poor in the first measurement point, except in 
the Netherlands (85%), in Ireland (89%) and in Portugal (66%). In other words, in most of the 
countries, the clear majority of stayers are non-poor. We can calculate the proportion of these 
stayers who will never be observed in poverty in the total population by multiplying % with 8. 
The products of these calculations are presented in the Table 4.2.2. We can see that the high­
est proportions of those who are never in poverty can be found in Belgium and in France, 59
18 Also McCall (1971) found that a Mixed Markov model is better than a Simple Markov model in explaining the 
low-income dynamics in the US between the years 1957 and 1966.
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and 58 per cent. The lowest proportions can be observed in Denmark, 18 per cent, in the 
Netherlands, 15 per cent, and in Portugal, 16 per cent. The percentage that will always be ob­
served as poor is highest in Portugal at eight per cent (0.24*0.34), then in France at five per 
cent (0.63*0.08).
The response probabilities (p) relate the manifest variables to the latent variables and it is here 
where the measurement model takes error into account. The modal response probabilities in 
the diagonal of the p matrix can be treated as reliabilities, and the non-modal as error, so we 
have separate reliability estimates for the poor and the non-poor. It is perhaps not surprising 
that there seems to be more measurement error among those classified as poor,19 except in the 
UK and Greece where the reliabilities are the same, and in Belgium and Spain where the reli­
abilities are lower among those classified as non-poor. It seems that the largest error in identi­
fying the poor can be found in the Danish, Dutch and Portuguese tables: in Denmark we esti­
mate that 38 per cent of those who are classified as poor in the latent variable are falsely ob­
served to be non-poor: in the Dutch table the proportion of misclassified poor is 32 per cent 
and in the Portuguese 28 per cent. On the other hand, the proportion of the latent (i.e. true) 
non-poor who appear to be poor is only 2 per cent in Denmark, 1 per cent in the Netherlands 
and 3 per cent in Portugal. These results suggest that the measurement error in poverty dy­
namics is mainly associated in with a failure accurately to identify the poor, except in Bel­
gium and in Spain.
19 We might expect that there are relatively more misclassifications among the poor, since the shape of income 
distribution shows that the vast majority of the poor are just below the financial poverty threshold, and this way 
misclassifications are more likely titan among the non-poor majority of whom are not located near the poverty 
threshold.
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Ta b le  4 .2 .2 : Estim ate d  Param eter V a lu e s for Partially Latent M o ve rs -S ta y e rs  M o d e l
in F in ancia l p o ve rty  tables________________________ ____________________________________ ___________________
Chain Initial propor- Response
proportion_______ Mon__________ Latent Transition Probabilities t  t to t+1 probabilities
Count* non-
«7 Chain 1C Class 5 Class 1 Class 2 Class 1 Class 2 Class 1 Class 2 poor poor
DK Mover 0,81 Class 1 0,88 1,00 0,00 0,97 0,03 0,86 0,14 0,98 0,02
Class 2 0,12 0,24 0,76 0,16 0,84 0,07 0,93 0,38 0,62
Stayer 0,20 Class 1 0,94 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,06 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
NL Mover 0,83 Class 1 0,86 0,93 0,07 0,98 0,02 0,95 0,05 0,99 0,01
Class 2 0,14 0,28 0,72 0,24 0,76 0,23 0,77 0,32 0,68
Stayer 0,17 Class 1 0,85 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,15 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
B Mover 0,41 Class 1 0,66 0,94 0,06 0,96 0,04 0,87 0,13 0,83 0,17
Class 2 0,34 0,11 0,89 0,13 0,87 0,28 0,72 0,04 0,96
Stayer 0,59 Class 1 1,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
F Mover 0,37 Class 1 0,69 0,93 0,07 0,95 0,05 0,86 0,14 0,90 0,10
Class 2 0,31 0,20 0,80 0,21 0,79 0,26 0,76 0,16 0,84
Stayer 0,63 Class 1 0,92 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,08 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
IRL Mover 0,67 Class 1 0,74 0,92 0,08 0,92 0,08 0,91 0,09 0,97 0,03
Class 2 0,26 0,15 0,85 0,18 0,82 0,27 0,73 0,26 0,74
Stayer 0,33 Class 1 0,89 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0.11 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
1 Mover 0,52 Class 1 0,70 0,96 0,04 0,95 0,05 0,98 0,02 0,89 0,11
Class 2 0,30 0,15 0,85 0,19 0,81 0,08 0,92 0,22 0,78
Stayer 0,48 Class 1 0,95 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,05 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
EL Mover 0,56 Class 1 0,69 0,91 0,09 0,90 0,10 0,93 0,07 0,90 0,10
Class 2 0,31 0,16 0,84 0,11 0,89 0,25 0,75 0,12 0,88
Stayer 0,44 Class 1 0,95 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,05 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
E Mover 0,41 Class 1 0,83 0,92 0,08 0,95 0,05 0,84 0,16 0,71 0,29
Class 2 0,17 0,84 0,16 0,11 0,89 0,45 0,55 0,00 1,00
Stayer 0,59 Class 1 0,95 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,05 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
P Mover 0,76 Class 1 0,74 1,00 0,00 0,95 0,05 0,97 0,03 0,97 0,03
Class 2 0,26 0,15 0,85 0,15 0,85 0,25 0,75 0,28 0,72
Stayer 0,24 Class 1 0,66 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,34 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
UK Mover 0,51 Class 1 0,68 0,84 0,16 0,88 0,12 0,82 0,18 0,93 0,07
Class 2 0,32 0,31 0,69 0,18 0,82 0,32 0,68 0,06 0,94
Stayer 0,49 Class 1 0,93 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0.07 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
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The latent transition probabilities (x) for the movers' chain show that rates of transition out of 
poverty are distinctively low in France, Ireland and the Southem-European countries. The 
transition out of poverty is relatively higher in the other countries, and is highest in the UK 
and Dutch tables. Transition rates into poverty are also highest in the Dutch and UK tables. 
Together these results suggest that the UK has the largest turnover in poverty among movers. 
Perhaps a clearer picture from which to draw comparisons can be seen if we calculate the 
overall latent transition rates that are presented in the Table 4.2.3, together with the observed 
transition rates. The overall latent transition rates are calculated as a weighted sum (using the 
ti's as weights) of the transition rates o f both movers and stayers. The overall latent transition 
rates show that the UK has the largest turnover in poverty among the entire population, not 
just among movers. Greece and Italy seem to be countries where the overall poverty fluidity is 
lowest. If we compared the latent rates to the observed transition rates, we can see how much 
measurement error increases poverty fluidity. In general, we can say that the error corrected 
probabilities of moving into poverty are slightly lower than the corresponding observed prob­
abilities in every country. But it is interesting to find that the latent probabilities of moving 
out of poverty are much lower than the corresponding observed transition probabilities. Mis- 
classifications seem to especially cause the flow from poverty to be over-estimated, while the 
over-estimation of flow into poverty is not that large. In other words, because of the failure to 
accurately identify the poor, much of what appears to be a move from poverty is, in fact, an 
error in classifying respondents. The measurement error in the financial poverty transition 
tables seems to be mainly due to false identification of a poor as a non-poor, just as the p's of 
the respondent probabilities indicated in the Table 4.2.2.
As was presented in the chapter three, we can calculate the true change and stability in the 
poverty transition tables using the error corrected parameter estimates of a Latent Markov 
model. We can break down the observed change and stability in the ten countries into true and 
error components using the parameter estimates presented in Table 4.2.2. In labelling the true 
change and stability, we followed the terminology of Langeheine and van de Pol (1990). The 
results are shown in Table 4.2.4, together with the observed proportion of stable cases (OBS) 
and the observed proportion of change (OBC). The observed proportion of stable cases and 
change are calculated from the observed frequencies presented in the Table 3.3.2. ‘Perfect 
stability’ is simply the proportion of the sample in the stayers' chain, which is the same as the 
chain proportion % in the Table 4.2.2. Perfect stability is measured without error, because we
110
have assumed that the state occupied by the stayers is measured perfectly. The total propor­
tion of stability TOS is then the number of movers remaining in their original state throughout 
the observation period, expressed as a proportion of the total sample. In other words, TOS 
indicates the true stability. The true observed stability TRS is then that part of true stability 
that is observed as stability. Change itself can be broken down in a similar way. True change, 
TOC, is 1.0 minus perfect stability and TOS. In other words, TOC, TOS and perfect stability 
sum always into one (or 100 per cent). TOC can be also partitioned into true observed change 
(TRC) and error. (OBC-TOC)/OBC ratio indicates that financial poverty mobility is over­
estimated by 25 to 50 per cent in most of the countries if error is ignored.
The highest observed proportions of stable cases OBS can be found in the Netherlands where 
81 per cent of the cases are observed to be stable, while the lowest observed proportion of 
stable cases is in Spain, at 67 per cent. The proportion of true stable cases that the Latent 
Mover-Stayer model estimates is equal to perfect stability plus total (i.e. true) stability TOS. 
When comparing the proportions of true stable cases with the observed proportions OBS, we 
can see that the observed data understates the true stability and overstates the change, as we 
would have expected. The true change (TOC) indicates that only 7 per cent experienced 
change in the Spanish panel, compared to the observed change (OBC) of 33 per cent. Correct­
ing the over-estimation gives rise to a very striking change in the relative position of Spain, as 
well as Italy and Greece, in a ranking of poverty dynamics. Whereas in the observed data 
Southem-European countries appear to have the largest proportion of respondents who move 
between poverty and non-poverty (OBC), under the measurement model corrected for error, 
they have the lowest true change (TOC) proportion out of the ten countries. When observing 
the error corrected estimates, it seems that the UK has the highest financial poverty mobility; 
true change in the UK table is 18 per cent, though observed mobility is not the highest among 
the ten countries (29 %). Hence, the difference between the observed and true mobility rates is 
relatively small in the UK. Also when comparing observed poverty mobility rates and cor­
rected rates, we can see that there is less country variation in the poverty mobility rates after 
removing the effect of measurement error. Especially in the Southem-European countries 
measurement error seems to play a significant role in the estimates of poverty mobility.
T a b le  4 .2 .3 : C o r r e c t e d  ( la t e n t )  a n d  o b s e r v e d  tra n s it io n  p r o b a b il it ie s  f o r  f in a n c ia l  




t+1=1995 t+1 =1996 t+1=1997
Not
poor
Poor Not poor Poor Not poor Poor
DK Corrected Not poor 1,00 0,00 0,98 0,02 0,89 0,11
Poor 0,19 0,81 0,13 0,87 0,05 0,95
Observed /Not poor 0,97 0,03 0,95 . 0,05 0,90 0,10
i —----- r- Poor .^ jLQ&LjJ0 ,44^ 0,52̂ .„0,48_ 0.42 „.„0,58
NL Corrected Not poor 0,94 0,06 0,98 0,02 0,96 0,04
Poor 0,23 0,77 0,20 0,80 0,19 0,81
Observed Not poor 0,93 - ' 0,07 0,96. •: 0,04. 0,95 0,05
— —  -— Poor ^p,4L. 0.59 ™ _ O 4 0 „ -..^0,60
B Corrected Not poor 0,97 0,03 0,98 0,02 0,94 0,06
Poor 0,05 0,95 0,05 0,95 0,12 0,88
Observed ^  Not poof 0,92 0,08 0,95 0,05 0,92 0,08
Li-----------— _P°or̂ . 0,3(L „0,34- 0.66 0.37 __■_0,63
F Corrected Not poor 0,97 0,03 0,98 0,02 0,95 0,05
Poor 0,07 0,93 0,08 0,92 0,09 0,91
Observed' ” Not poor 0,95 0,05 0,95 0,05 0,93 0,07
Poor .^0,29^__0,71.^_.0,2911J0.7L 0,31 -^1-P,69
1RL Corrected Not poor 0,95 0,05 0,95 0,05 0,94 0,06
Poor 0,10 0,90 0,12 0,88 0,18 0,82
Observed 1 Not poor 0,92 0,08 ; 0,91 1 0,09 0,92 0,08
, Poor „  jpj35^ 0.65 ^.0,65 0,39 ___Q.61
1 Corrected Not poor 0,98 0,02 0,97 0,03 0,99 0,01
Poor 0,08 0,92 0,10 0,90 0,04 0,96
Observed Not poor 0,92 ; 0,08 0,92 0,08 0,92 0,08
..— ..... Poor, „J3,38~_.0,62__ _ 0,41 „0,59..____0,38 _ ___ 0,62
EL Corrected Not poor 0,95 0,05 0,94 0,06 0,96 0,04
Poor 0,09 0,91 0,06 0,94 0,14 0,86
Observed Not poor 0,90 0,10 0,90 0,10 0,92 0,08
*-------- - Poor _0,33_„.0,67_^ 0,27,.̂ 7 3 . ..  0.36 _^Oj.64
E Corrected Not poor 0,97 0,03 0,98 0,02 0,94 0,06
Poor 0,34 0,66 0,04 0,96 0,18 0,82
Observed Not poor 0,90 ■ 0,10 . 0,90 0,10 0,88 0,12
Poor 0,54 0.46 . .0,43 _-J>,5T 0.43 0,5Z
P Corrected Not poor 1,00 0,00 0,96 0,04 0,98 0,02
Poor 0,12 0,88 0,11 0,89 0,19 0,81
Observed Not poor 0,94 0,06 0,91 0,09 0,93 0,07
Poor 0,30. 0,70 > 0,28 ' 0.72 0.34 _  0j66
UK Corrected Not poor 0,92 0,08 0,94 0,06 0,91 0,09
Poor 0,16 0,84 0,09 0,91 0,16 0,84
Observed Not poor 0,91“ 0,09 0,92 0,08 0,90 0,10
: . : — ■ . ■ Poor 0,34 0.66 0,25 0,75 0,34 0,66
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T a b le  4 .2 .4 : E s t im a t e d  p r o p o r t io n s  o f  t r u e  s ta b il ity  a n d  c h a n g e  a n d  p o v e r t y  r a te  in  th e  
f in a n c ia l p o v e r t y  tra n s it io n  ta b le s ___________________________________________________________________
D K N L B F IR L 1 E L E P U K
O B S 0 .8 0 0.81 0 .7 6 0 .8 0 0 .7 3 0 .7 3 0 .7 0 0 .6 7 0 .7 4 0.71
O B C 0 .2 0 0 .1 9 0 .2 4 0 .2 0 0 .2 7 .0 .2 7 0 .3 0 0 .3 3 0 .2 6 0 .2 9
P e rf .S ta b . 0 .2 0 0 .1 7 0 .5 9 0 .6 3 0 .3 3 0 .4 8 0 .4 4 0 .5 9 0 .2 4 0 .4 9
T O S 0 .6 5 0 .6 6 0 .2 9 0 .2 5 0 .4 7 0 .4 2 0 .3 9 0 .2 5 0 .6 2 0 .2 7
T R S 0 .5 5 0.61 0 .1 6 0 .1 6 0 .3 7 0 .2 5 0 .2 5 0 .0 7 0 .4 9 0.21
e r r o r 0 .0 9 0.06 0 .1 3 0 .0 9 0 .1 0 0 .1 8 0 .1 4 0 .1 8 0 .1 4 0 .0 7
T O C 0 .1 6 0 .1 7 0 .1 2 0 .1 2 0 .2 0 0 .1 0 0 .1 7 0 .1 5 0 .1 4 0 .2 3
T R C 0 .0 8 0 .0 8 0 .0 8 0 .0 7 0.11 0 .0 5 0.11 0 .0 7 0 .0 7 0 .1 8
e r r o r 0 .0 7 0 .08 0 .0 5 0 .0 5 0 .0 9 0 .0 5 0 .0 6 0 .0 9 0 .0 7 0 .0 6
O b s .  ra te 8 ,9 11,0 1 8,0 17,1 1 7 ,6 1 8 ,7 2 1 ,4 1 9 ,5 2 3 ,9 2 1 ,0
L a te n t  ra te 1 1 ,0 14,4 13,8 1 6 ,5 2 0 ,6 1 8 ,2 1 9 ,5 9 .9 2 7 ,6 1 9,7
Errors affect not only comparisons of poverty mobility, but also comparisons of cross- 
sectional poverty rates. For example, comparing the observed poverty rate (in 1994) with the 
latent poverty rate in Table 4.2.4, it seems that the latent, or true, poverty rate shows some­
what less variation between countries than the observed poverty rate does. (The latent poverty 
rate is calculated from the tc's and 8's in the Table 4.2.2.) Countries that have a low observed 
poverty rate tend to have somewhat higher latent poverty rate. For example, Denmark's latent 
poverty rate is 11 per cent compared to the observed nine per cent. The Netherlands has a 
latent poverty rate of 14 per cent compared to the observed 11 per cent. On the other hand, 
countries having higher observed poverty rates tend to have a lower latent rate than the ob­
served haves, like the UK (observed 21 compared to the latent 20 per cent) and Italy (ob­
served 19 compared to the latent 18 per cent). So it appears that, if we ignore error, we are not 
only likely to over-estimate poverty mobility, we might also under- or over-estimate cross- 
sectional poverty rates and over-estimate the country variation in poverty rates (see Breen & 
Moisio 2004),
The first two research hypotheses are not falsified when tested against the financial poverty 
panels: the population seems to be heterogeneous in their relation to poverty transition and 
poverty mobility is over-estimated if random error is ignored. Unfortunately, the indirect test­
ing of the Individualisation thesis does not give as an unambiguous outcome. When observing 
the proportion of stayers in the financial poverty panels, we get evidence both for and against 
the Individualisation thesis: maturate welfare states tend to have a higher proportion of mov­
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ers (e.g. Denmark and the Netherlands), but also some 'immature' welfare states have a high 
proportion of movers (e.g. Portugal). We now move to test the first two research hypotheses 
against the deprivation transition tables.
4.3 Dynamics of housing deprivation
4.3.1 Modelling deprivation transition with Latent Class and Markov models
We were able to account for the pattern of mobility in the financial poverty transition tables 
with a Mover-Stayer model, now we will test if we can explain the pattern of mobility in the 
housing deprivation tables using the same model. We have discovered from the descriptive 
figures that the indirect and the direct poverty measures draw a similar picture of poverty dy­
namics. How similar, we shall now find out. Table 4.3.1 presents the model fit diagnostics for 
the same twelve models that were tested in the previous section. Now these models are tested 
with the housing deprivation transition tables. Models are, once again, first tested with the 
stationarity constraints, then without constraints in the two-way transition probability ma­
trixes (or in the latent conditional probabilities).
We start again with the Independence model that assumes no association between the meas­
urement point t and r+n, so how well the model fits indicates how strong the associations are 
in the panel, or in this case, how deterministic deprivation is. The Independence model has 11 
degrees of freedom and a poor fit with every country, as expected. Housing deprivation seems 
to be most deterministic in Portugal, where the Independence model produces the highest 
misclassification (A), 48.4 per cent of all cases (G2 =17934.2). Housing deprivation seems to 
be the least deterministic in Denmark, where the mismatch between the frequencies estimated 
by the Independence model and the observed frequencies is 13.8 per cent (G2 =1596.5). Com­
parison between the fit of the Independence model in the housing deprivation and financial 
poverty panels reveals an interesting finding. Housing deprivation seems to be less determi­
nistic than financial poverty in every country (except in Portugal): misclassifications (A) pro­
duced by the Independence model are smaller in the housing deprivation tables than in the 
financial poverty transition tables. This is perhaps a surprising finding since one might have 
expected housing conditions to be more stable than the annual income flow.
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The Quasi-Independence model has 9 degrees of freedom and taking into account the non- 
mobile cases in the comer cells improves the fit of the model (compared to the Independence 
model) in every country. In some countries, like in Denmark (G2=154.3; A=2.2) and in the
a
Netherlands (G =354.5; A=2.9), the Quasi-Independence model can almost explain satisfacto­
rily the associations observed in the housing deprivation transition tables. The biggest mis­
match can be found once again in the Portuguese table, where the Quasi-Independence model 
misclassifies 8.1 per cent of all cases (G2=1417.3). Hence, after taking into account the two 
immobile groups in the comer cells of panel (never in deprivation and always in deprivation) 
mobility among those who change their deprivation status at least once seems to be surpris­
ingly random in most of the countries.
The Simple Markov chain model, stationary or time-heterogeneous, seems to be unable to 
explain the associations in the deprivation transition tables. The stationary Simple Markov 
model has 12 degrees of freedom and fits best in the UK table, where the model misclassifies
5.2 per cent o f all cases with the G2 value of 396.5. The time-heterogeneous Simple Markov* 
chain model, where the two-way transition matrixes are allowed to vary from one wave to 
another, has 8 degrees of freedom and a slightly better fit to the data compared to the station­
ary Simple Markov model. The best fit can be found again in the UK table, where the time- 
heterogeneous Simple Markov* model misclassifies 4.3 per cent of all cases with the G2 of 
280.1. Allowing more than one transition trajectory in the population increases the fit of the 
model. However, we do not have enough degrees of freedom to estimate a Mixed Markov 
model without some constraints. So the fifth model, Markov 2 chain, is again a time- 
homogeneous two-chains Markov model where all the two-way transitions (in both chains) 
are restricted to be stationary. The model has 8 degrees of freedom and in the most of the 
countries the mismatch between the model and the data is around two per cent. The stationary 
two chain Markov model has the best fit with the Dutch (G2=77.7) and with the UK (G2=63.7)
tables: misclassification is 1.5 per cent of all cases in both of the tables. The poorest fit can be
2
found in the Greek table, where the model misclassifies 5.1 per cent of all cases with the G 
value of 429.8. The substantial increase in the fit of the model when moving from Simple 
chain models to Mixed Markov models indicates that the population is heterogeneous in their 
relation to the transition of housing deprivation.
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When constraining the two-way transition probabilities of the second chain to be an identity 
matrix, we turn (again) the two chains Mixed Markov model into the classic Mover-Stayer 
model. The time-homogeneous Mover-Stayer model has two degrees of freedom more than 
the time-homogeneous Markov 2 chain model, but the Mover-Stayer model has also a higher 
misclassification number compared to the Markov 2 chain model. When removing the sta- 
tionarity restriction from the movers' chain, and thus letting the transition in the movers' chain 
be time-heterogeneous, we manage to increase the fit of the Mover-Stayer model. The time- 
heterogeneous Mover-Stayer* model has six degrees of freedom. The best fit can be found in 
the UK, where the model misclassifies only 1.0 per cent of the all cases with a G2 value of 
29.5. Misclassifications are somewhat higher in the other countries, but they remain below 
three per cent in most of the countries. The biggest mismatch can be found in the Greek table 
where the Mover-Stayer* model misclassifies 3.9 per cent of all cases (G2=328.4). Therefore, 
it seems that the population can be divided into groups that have different housing deprivation 
dynamics, but we cannot find a Mixed Markov model that would have an adequate fit. An 
explanation for this might be again that a Mixed Markov model assumes that each observed 
variable measures perfectly the referent it is assumed to measure and because of this, a part of 
the mismatch between the model and the data is due to random error.
Before fitting measurement models that are able to separate error from the true change, we 
first must estimate the magnitude of error with a simple LC model with a dichotomous latent 
structure (in the same way as in the previous section). When a Latent Class model is fitted to 
a transition table, the model tests the extreme hypothesis that there is no real transition in the 
table, that all observed transition is error. The first LC model (model 8) has its latent condi­
tional probabilities restricted to be stationary, meaning that the reliability matrixes are as­
sumed to be identical at each measurement point. The LC model has 12 degrees of freedom 
and the model has the best fit with the Dutch table, where it misclassifies 3.0 per cent of all 
cases with the G2 value of 235.6. The poorest fit can be found with the Portuguese table, 
where the LC model misclassifies 10.4 per cent of all cases with the G2 value of 1590.5. In 
the unconstrained LC* model (model 9) the reliability matrices are allowed to vary, in other 
words, we assume that the error varies between measurement points. Removing the equal re­
liability restriction takes four degrees of freedom, leaving six degrees of freedom to the LC* 
model. This loss of four degrees of freedom is compensated by the improved fit of the model 
in every country. The best fit is in the Danish table, where the LC* model misclassifies only 
0.1 per cent of all cases with the G2 value of 70.1. But in the other countries misclassifications
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are over two per cent, except in the Netherlands (1.5%), Ireland (1.9%) and in the UK (1.5%). 
The good fit of the unconstrained Latent Class model with the dichotomous latent structure 
indicates that a large part of the observed mobility in the housing deprivation tables might be 
explained as measurement error.
In the last three models (models 10 to 12) we again incorporate measurement error into the 
Markov model. The structural components of the Latent (Simple) Markov models are again 
direct counterparts to the stationary Simple Markov and time-heterogeneous Simple Markov* 
models. The structural component of the Latent Mover-Stayer model is identical with the 
(time-heterogeneous) Mover-Stayer model. We assume again that the error is the same at each 
measurement point, although this assumption is not necessarily valid. The difference between 
a Markov and a Latent Markov model is that the tested Markovian structure is now treated as 
a latent structure and observed measurements are related to this structure with probabilistic 
relationships, allowing a separate error for each manifest variable. The time-homogeneous 
(Simple) Latent Markov model has 10 degrees of freedom. The model has the best fit in the 
Dutch table with the G2 value of 90.7 and the dissimilarity index value (A) of 1.7 per cent. But 
in most of the countries misclassifications are around three per cent or more. By allowing the 
latent transition probabilities to be time-heterogeneous (model 11) decreases the degrees of 
freedom to six, but the (Simple) time-heterogeneous Latent Markov* model also has much 
smaller misclassifications compared to the stationary Latent Markov model. The Latent 
Markov* model misclassifies only 1.0 per cent in the Dutch table with the G2 value of 37.6 
and the rest of the countries' misclassifications are below two per cent, except in the Belgium 
(3.5%), French (2.0%) and Spanish (2.7%) tables. If we compare the misclassifications of the 
Simple Markov* model to those of the (Simple) Latent Markov* model, we can see that the 
latter produces much smaller misclassifications than the former. This indicates that measure­
ment error plays a significant role in the observed deprivation mobility.
Misclassifications between the time-heterogeneous (Simple) Latent Markov* model and the 
data are around two per cent in the most of the countries, so it seems that incorporating error 
in a (Simple) Markov model is not enough. We might consider abandoning the assumption 
that the whole population follows the same poverty trajectory. So we turn again towards the 
Latent Mixed Markov model that was used in the previous section. The time-heterogeneous 
(partially) Latent Mover-Stayer model* assumes that there are two poverty trajectories in the 
population, i.e. for movers and stayers. The model assumes a constant error when estimating
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the movers’ chain and no error when estimating the stayers’ chain. The Latent Mover-Stayer 
model has 4 degrees of freedom and it has a very good fit with the Dutch, Italian, Greek and 
the UK tables, where the model misclassifies less than one per cent of the cases. In the rest of 
the countries the fit is also relatively good; misclassifications are two per cent or less, except 
in Belgium where the misclassification is 2.9 per cent of all cases with the G2 value o f 196.0. 
There are statistically significant differences at the .05 level between the estimated and ob­
served frequencies in every country, as the G2 values indicate. However, taking into account 
again the large sample sizes and that we are modelling 16-cell transition tables, this degree of 
fit seems adequate. We can therefore justifiably conclude that housing deprivation dynamics 
also seem to follow a process that can be described by the time-heterogeneous (Latent) 
Mover-Stayer model that allows for error in the measurement of the movers’ states.20
20 We again tested a model that allows the stayers to be measured with separate error. However, releasing stay­
ers' reliabilities did not improve the model fit, so we chose the more parsimonious model.
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43,2 Error corrected estimates for deprivation dynamics
Table 4.3.2 presents the estimated parameter coefficients for the final time-heterogeneous 
Latent Mover-Stayer model, fitted to the housing deprivation transition tables. The first col­
umn again presents the n  coefficients that indicate the proportions of population belonging 
either to the movers' or stayers' chain. There seems to be a bigger variance between countries 
in the proportion of movers and stayers in the deprivation tables than were in the financial 
poverty transition tables. In some countries the proportion of stayers is very small, as in Den­
mark and in France, 3 and 6 per cent respectively. We can calculate again the proportion of 
the population that can be expected to never or always be in deprivation by multiplying the 
chain proportion n  with the initial probability 5. The smallest proportion of population always 
in deprivation is in the Netherlands, where the model estimates that the proportion is zero per 
cent, as can be seen in the Table 4.5. In fact, the proportion of population always deprived is 
almost zero everywhere except in Portugal, where 5.9 per cent of the population is estimated 
to be stably deprived, and in Belgium and France, where the figure is 1.9 per cent. On the 
other hand, the proportion of the population that is expected never to be deprived is the high­
est in Belgium and in the Netherlands, at 63.7 and 59.3 per cent. An interesting observation is 
that there seems to be relatively more people estimated to be in constant financial poverty 
than in constant housing deprivation (Belgium being the only exception). One might have 
expected that an incidence of housing deprivation, once started, would be more prone to turn 
into a long-term situation than an incidence of financial poverty.
12 0
Table 4.3.2: Estimated parameter values for Partially Latent Movers-Stayers Model for housing deprivation 
Chain Initial propor- Response
proportion________tion__________ Latent Transition Probabilities z  t to t+1________probabilities
Count­
ry . Chain JC Class 5 Class 1 Class 2 Class 1 Class 2 Class 1 Class 2
•non-
depriv deprived
DK Mover 0,97 Class 1 0,84 1,00 0,00 1,00 0,00 0,98 0,02 0,99 0,01
Class 2 0,16 0,23 0,77 0,00 1,00 0,55 0,45 0,49 0,51
Stayer 0,03 Class 1 0,86 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,14 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
NL Mover 0,41 Class 1 0,78 0,91 0,09 0,96 0,04 1,00 0,00 0,92 0,08
Class 2 0,22 0,30 0,70 0,28 0,72 0,13 0,87 0,19 0,81
Stayer 0,59 Class 1 1,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
B Mover 0,34 Class 1 0,62 0,74 0,26 1,00 0,00 0,89 0,11 0,86 0,14
Class 2 0,38 0,39 0,61 0,66 0,34 0.45 0,55 0,23 0,77
Stayer 0,66 Class 1 0,97 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,03 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
F Mover 0,94. Class 1 0,72 0,99 0,01 0,99 0,02 0,96 0,04 0,98 0,02
Class 2 0,28 0,21 0,79 0,21 0,79 0,19 0,81 0,36 0,64
Stayer 0,06 Class 1 0,69 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,31 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
IRL Mover 0,55 Class 1 0,72 0,99 0,01 0,93 0,07 1,00 0,00 0,95 0,05
Class 2 0,28 0,36 0,64 0,15 0,85 0,07 0,93 0,23 0,77
Stayer 0,45 Class 1 1,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
1 Mover 0,44 Class 1 0,70 0,94 0,06 0,97 0,03 1,00 0,00 0,89 0,11
Class 2 0,30 0,41 0,59 0,23 0,77 0,22 0,78 0,13 0,87
Stayer 0,56 Class 1 0,98 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,02 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
EL Mover 0,80 Class 1 0,58 0,93 0,07 0,96 0,04 0,97 0,03 0,92 0,08
Class 2 0,42 0,37 0,63 0,16 0,84 0,09 0.91 0,15 0,85
Stayer 0,21 Class 1 0,99 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,01 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
E Mover 0,50 Class 1 0,67 0,85 0,15 0,98 0,02 0,95 0,05 0,83 0,17
Class 2 0,33 0,44 0,56 0,10 0,90 0,08 0,92 0,18 0,82
Stayer 0,50 Class 1 1,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
P Mover 0,76 Class 1 0,48 0,87 0,13 0,87 0,13 0,94 0,06 0,94 0,06
Class 2 0,52 0,15 0,85 0,16 0,84 0,08 0,92 0,10 0,90
Stayer 0,24 Class 1 0,75 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,25 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
UK Mover 0,52 Class 1 0,62 0,90 0,10 0,96 0,04 0,95 0,05 0,98 0,02
Class 2 0,38 0,62 0,38 0,30 0,70 0,39 0,61 0,25 0,75
Stayer 0,48 Class 1 0,98 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00





The matrix of response probabilities (p’s) indicates the reliability of the measure of housing 
deprivation. The modal response probabilities on the diagonal cells can be treated as reliabil­
ities and probabilities on off-diagonal cells as error. We can see that there seems to be m ore 
measurement error among those classified as deprived (except in Spain and Italy where the 
reliabilities are roughly the same for the deprived and non-deprived): error in the housing dep­
rivation measure seems to be caused mainly by the misclassifications where a deprived case is  
falsely classified as non-deprived. This is a parallel finding to one that was made when the 
reliability of financial poverty measure was studied. The weakest reliability in identifying the 
deprived can be found in the Danish and French tables. In Denmark, the model estimates that 
almost half (49%) of those who are classified as deprived in the latent variable (i.e. are truly 
deprived) are classified as non-deprived by the manifest deprivation measure. In the French 
table, the proportion of those truly deprived misclassified as non-deprived is 36 per cent. The 
truly non-deprived cases appear to be identified with much less error than the truly deprived 
cases. Only a small fraction of misclassifications are due to a truly non-deprived case being 
falsely classified as deprived. These results suggest that measurement error in housing depri­
vation dynamics is mainly associated with a failure to accurately to identify the deprived (ex­
cept in Spain and Italy). Also it appears that the housing deprivation indicator has a lower 
reliability than the financial poverty measure. This does not support the often-presented thesis 
that direct poverty measures would be more reliable than indirect poverty measures (see Rin- 
gen 1988).
Parameter estimates describing the latent transition probabilities in Table 4.3.2 are quite diffi­
cult to interpret since they present the rate of transitions separately for movers' and stayers’ 
chains. For this reason, we have again calculated the overall latent, or true, transition rates 
that are presented in the Table 4.3.3. The overall latent transition rates are calculated by mul­
tiplying the n  by the t  in the movers’ and stayers' chains and then summing up the two prod­
ucts. The observed transition rates are presented below the overall latent transition rates, high­
lighted with light grey. According to the latent transition probabilities, overall (true) fluidity 
seems to be highest in the UK table, while the lowest (true) fluidity seems to be in the Dutch 
table. When comparing the error corrected (latent) transition probabilities to the observed 
transition probabilities, we can see that measurement error increases especially the transition 
probabilities out of deprivation. In other words, errors lead us to over-estimate the flow from 
out of deprivation. Error seems to play a much smaller part in the observed transition rates
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into deprivation: the difference between the true inflow rate and the observed inflow rate is 
usually much smaller than the difference between the true and observed outflow rates. It 
seems that since the state of deprivation is poorly identified, much of what appears to be the 
change from deprivation is, in fact, error in classifying respondents. Measurement error in the 
deprivation transition tables seems to be most often a failure to identify a truly deprived case 
as deprived. So not only the dynamics are similar with the direct and indirect measures, but 
also measurement error seems to be located in the same place with the direct and indirect 
poverty measures.
In Table 4.3.4 we have estimated true change (TOC) and true stability (TOS) in the transition 
tables using the parameter estimates of the Latent Mover-Stayer model. Observed stability 
(OBS) and observed change (OBC) are calculated for each country using the observed fre­
quencies. The highest observed change can be found in the Greek table, where 41 per cent of 
the cases are observed to have changed deprivation status at least once. The lowest observed 
change rates are in the Danish and Dutch tables, at 18 per cent. However, the (OBC- 
TOC)/OBC ratio indicates that mobility in the deprivation transition tables is over-estimated 
by 30 to 50 per cent, except in the UK where mobility is over-estimated only by 4 per cent. 
Hence, the observed mobility rate overstates the change. When we remove error from the ob­
served change and estimate true change (TOC), we can see that not only is true change 
smaller than observed change, but that the TOC has a smaller variation between countries 
than the observed change. It seems that especially in the Southem-European countries meas­
urement error causes mobility to be over-estimated in the deprivation transition tables. For 
example, the TOC indicates that only 23 per cent have experienced mobility in the Greek ta­
ble, compared to the observed change of 41 per cent. However, the countries' relative posi­
tions on a ranking of deprivation dynamics do not change as dramatically when error is re­
moved as it did with financial poverty dynamics. Countries that have higher observed depri­
vation mobility tend to also have higher observed mobility.
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T a b le  4 .3 .3 : C o r r e c t e d  ( la t e n t )  a n d  o b s e r v e d  t r a n s it io n  p r o b a b il it ie s  f o r  d e p r i v a -  
t io n  d y n a m i c s _________ ________________________________________________________________________
Country Panel
State
a t t j
t+1=1995 t+1=1996 t+1=1997
N ot D epr Depr Not D e p r Depr Not Depr D epr
DK Corrected Not D e pr 1,00 0,00 1,00 0,00 0,98 0,02
Depr 0,22 0,78 0 ,0 0 1,00 0,54 0,46
O bserved -  Not D epr 7  0,96 0,04 : 0 ,94 o,o6; 0,97 0,03
; D epr 0 ,7 0 . -■ 0 .55 ¿JQéL . P,28
NL Corrected Not D epr 0,96 0,04 0 ,9 9 0,01 1,00 0,00
Depr 0,12 0,88 0,11 0,89 0,05 0,95
O b se rve d ' ■ Not D e pr , - 0,94 0,06 0,96 0,04 • 0,96 0,04
;  D epr : .^ Q £ L 0 .4 7 5 3 ^ ^ „ 0 , 4 6 . , _ u P ,5 4
B Corrected Not D epr 0,91 0,09 1,00 0,00 0,96 0,04
Depr 0,13 0,87 0 ,2 3 0,77 0,15 0,85
O bserved Not D epr • 0,91 0,09 0,96 0,04 0,93 0,07
D epr . 0,46 _ 0 , 5 4 „.q& l . 0.53 0.47
F Corrected Not D epr 1,00 0,00 0 ,99 0,01 0,97 0,03
Depr 0 ,20 0,80 0 ,2 0 0,80 0,17 0,83
O bserved Not D epr 0,92 0,08 0,93 0,07 ' 0,92 0,08
Depr ; 0 ,48_„ 0 , 5 2 , * „  d ,4 a _ .0 , 5 2 , 0.45 0.55
IRL Corrected Not D epr 0,99 0,01 0,96 0,04 1,00 0,00
Depr 0,20 0,80 0 ,0 8 0,92 0,04 0,96
O bserved Not D e pr L-Vn 0,95 ; o,05 : 0 ,93 0,07 0,96 0,04
'.■ D e p r 0.61 ^ 0 ,3 9 : 0 .45 : ; j a á ■ 0.37 „ 0 , 6 3
1 Corrected Not Depr 0,98 0,02 0,99 0,01 1,00 0,00
Depr 0,18 0,82 0 ,10 0,90 0,09 0,91
O bse rved Not D epr 0,94 0,06 ■; 0 ,94 0,06 0,95 0,05
D epr 0,51 .0,49 „ 0 ,4 5  _ 0 ,5 5 . 0.46 - , ^ . 5 4
E L Corrected Not D epr 0,94 0,06 0 ,97 0,03 0,98 0,02
Depr 0,30 0,70 0 ,12 0,88 0,07 0,93
O b se rved " N o t  D epr 0,87 0,13 0,89 0,11 0,90 0,10
; Depr 0 ,4 9 . -0 ,3 8 ,. 0,62 .  .0 ,3 5 .____0,65
E Corrected Not D e pr 0,92 0,08 0,99 0,01 0,97 0,03
Depr 0,22 0,78 0,05 0,95 0,04 0,96
O b se rved " N o t D e p r 0,89 0,11 0,90 0,10 ' 0,90 0,10
_  _ D epr ^ . . . , .P .5 4 . . ....0 ,4 6 . .. 0,.43_....0 ,5 7 . 0,44 „ 0 ,5 6
P Corrected Not Depr 0,90 0,10 0 ,9 0 0,10 0,96 0,04
Depr 0,12 0,88 0 ,12 0,88 0,06 0,94
O bse rve d " N o t  D epr, 0,84 ■; 0,16 0 ,85 0,15 0,87 0,13
j1; ■' ‘ ' , Depr ' 0 ,22 0.78 0,24 0,76 0.19 0.81
UK Corrected Not D e pr 0,95 0,05 0,98 0,02 0,98 0,02
Depr 0,33 0,67 0,16 0,84 0,20 0,80
O bse rved Not D e p r : ■ 6,95 : 0 ,0 5. , 0 ,96 0,04 0,96 ,0 ,04
r . 1 ■ ■ ■ 7 ■ D epr 0,69 0,31 0,47 0,53 0,52 0,48
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T a b le  4 .3 .4 : E s t im a t e d  p r o p o r t io n s  o f  t r u e  s ta b ility  a n d  c h a n g e  a n d  d e p r iv a t io n  ra te  in  
the  h o u s in g  d e p r iv a t io n  t r a n s it io n  ta b le s _________________________________________________________
D K N L B F IR L 1 E L E P U K
O B S 0 .8 2 0 .8 2 0 .7 6 0.71 0 .7 8 0 .7 7 0 .5 9 0 .6 7 0 .6 2 0 .7 7
O B C 0 .1 8 0 .1 8 0 .2 4 0 .2 9 0 .2 2 0 .2 3 0.41 0 .3 3 0 .3 8 0 .2 3
P e rf .S ta b . 0 .0 3 0 .5 9 0 .6 6 0 .0 6 0 .4 5 0 .5 6 0.21 0 .5 0 0 .2 4 0 .4 8
T O S 0 .8 5 0 .3 2 0 .1 6 0 .7 7 0 .4 4 0 .3 3 0 .5 6 0 .3 4 0 .5 2 0 .3 0
T R S 0 .7 6 0 .2 2 0 .0 8 0.61 0 .3 2 0 .2 0 0 .3 7 0 .1 6 0 .3 7 0 .2 6
e r r o r 0 .0 9 0 .1 0 0 .0 7 0 .1 6 0 .1 2 0 .1 2 0 .1 9 0 .1 8 0 .1 5 0 .0 5
T O C 0 .1 2 0 .0 9 0 .1 9 0 .1 7 0.11 0.11 0 .2 3 0 .1 6 0 .2 4 0 .2 2
T R C 0 .0 3 0 .0 5 0 .0 9 0 .0 8 0 .0 6 0 .0 7 0 .1 5 0 .0 7 0 .1 7 0 .1 3
e r r o r 0 .0 8 0 .0 4 0 .1 0 0 .0 9 0 .0 4 0 .0 4 0 .0 9 0 .0 8 0 .0 7 0 .0 8
O b s . ra te 9 ,9 9 ,6 1 4 ,8 2 0 ,0 1 4 ,0 1 5 ,6 3 2 ,3 1 9 ,3 4 3 ,6 16,3
L a te n t ra te 16,1 8 ,9 1 4 ,8 2 8 ,0 1 5 ,5 1 3 ,8 3 3 ,6 1 6 ,3 4 5 ,5 2 0 ,5
Studying the error corrected parameter estimates we can see that error also affects the com­
parisons of cross-sectional deprivation rates. We can again estimate the true cross-sectional 
deprivation rates from the Tts and 5s of the Latent Mover-Stayer model. Comparing the ob­
served deprivation rate (in 1994) with the error corrected deprivation rates in Table 4.3.4, we 
see that the error-corrected deprivation rate shows somewhat less variation between countries 
than the observed rate does. Countries that have a low observed deprivation rate tend to have 
a higher latent deprivation rate. For example, Denmark has a latent rate of 16 per cent com­
pared to an observed rate of 10 per cent. On the other hand, countries having a higher ob­
served deprivation rate tend to have a lower latent deprivation rate. However, this association 
is not that clear. It is clear that measurement error also affects the cross-sectional deprivation 
rate, not just the estimates of mobility.
We have thus drawn similar conclusions with deprivation dynamics as we did in the previous 
section with financial poverty dynamics. Therefore, the answer to the two research questions 
is once again ’yes' in both cases. Firstly, the population seems to be heterogeneous and the 












Secondly, random error causes mobility in the deprivation transition table to be over­
estimated by 30 to 50 per cent in most of the countries, if error is not corrected. Hence, the 
over-estimation of mobility seems to be an even bigger problem with the direct poverty meas­
ure than with the indirect in many countries (mobility is over-estimated only by 25 to 50 per 







tion mobility show higher over-estimation than the estimates of financial poverty mobility. 
We also noted that there is often a higher proportion of movers in countries with a more ex­
tensive welfare state, for example in Denmark at 97 per cent. This observation is congruent 
with the individualisation thesis, which suggests (indirectly) that poverty is less deterministic 
in countries that have a 'maturated' welfare state. However, the proportion of movers is low in 
the Netherlands (41%), which is seen as having an extensive welfare state. Therefore, the evi­
dence that the proportion of movers can give to the individualisation thesis is not unambigu­
ous. We now move to model the dynamics of our third and last poverty indicator, the subjec­
tive deprivation classification.
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4.4 Dynamics of subjective deprivation
4.4.1 Modelling subjective deprivation transition with Latent Class and Markov models
If there are differences between our three poverty measures, we might expect that the differ­
ences would be concentrated between the two previous objective measures and the subjective 
measure. Our subjective deprivation measure is based on the question posed to the head of the 
household 'Are you able to make ends meet' (see Table 3.3.1). The same set of twelve models 
that are used in the previous sections is now fitted to the subjective deprivation transition ta­
bles. Models are, again, fitted separately to the each national transition table. The model fit 
diagnostics of these twelve models are presented in the Table 4.4.1. We start again with satu­
rated structural models (models one to seven) that assume no error in the measurement, and 
then try to improve the fit of the model by allowing for enror in the model (models eight to 
twelve).
The Independence model where all transition parameters are omitted from the model again 
gives us a good starting point by indicating how deterministic subjective deprivation is. The 
Independence model has 11 degrees of freedom and a poor fit in every country, as expected. 
Subjective deprivation seems to be the most deterministic in Portugal, since the Independence 
model has the highest misclassification in the Portuguese table, 40.6 per cent of the cases with 
the G2 value of 12850.4. The least deterministic subjective deprivation seems to be in the UK, 
where the Independence model misclassifies 18.6 per cent of the cases with the G value of 
4453.5. It seems quite clear that an incidence of subjective deprivation at time t has an asso­
ciation with an incidence of subjective deprivation at time t+n. The Quasi-independence 
model tests the assumption that the movers move randomly by releasing the two comer cells 
in the transition table to be estimated freely (see Appendix A). The Quasi-independence 
model has a much better fit in every country than the independence model. In fact, in several 
countries, the Quasi-independence model misclassifies only around three per cent of the all 
cases. The smallest misclassification (A) can be found in the UK table, where the Quasi­
independence model misclassifies 2.5 per cent of all cases with the G2 value of 217.7. The 
poorest fit can be found in the Greek table, where the model misclassifies 8.3 per cent of all 
cases with the G2 value of 1005.7. The relatively good fit of the Quasi-independence model in 
many countries suggests that there is a similar structure behind subjective deprivation transi­




subjective deprivation dynamics seems to mean that there are two immobile groups, those 
who stay in deprivation or stay out of deprivation, and between these two groups there is a 
group of movers.
However, before moving on to models that assume a heterogeneous population, we can test a 
single chain Markov model to explain associations in the subjective deprivation transition 
tables. The time-homogeneous Simple Markov model has 12 degrees of freedom, but it seems 
that the model is unable to explain subjective deprivation dynamics in any country. The best 
fit can be found in the Danish and the UK tables, where the time-homogeneous Simple 
Markov model misclassifies 6.5 per cent of the all cases. Removing the stationarity restriction 
from the two-way transition probabilities takes four degrees of freedom and improves the fit 
only little. The time-heterogeneous Simple Markov* model has the best fit in the UK table, 
where the model misclassifies 5.9 per cent of the cases with the G2 value of 738.9. So the 
transition of subjective deprivation seems not to follow a simple Markovian process, even 
when we let the two-way transition probabilities vary between measurement points. A possi­
ble explanation for the poor fit might be, as we expect, that there is more than one deprivation 
trajectory in the population, not only one like the Simple Markov model assumes.
Increasing the number of chains in the Markov model and turning the model into a Mixed 
Markov model improves the fit of the model. Again, we do not have enough degrees of free­
dom to estimate a Mixed Markov model without some constraints. So the Markov 2 chain 
model is time-homogeneous and has its two-way transition probabilities set to be stationary. 
The model has 8 degrees of freedom and it estimates less than two per cent of the cases incor­
rectly in the Dutch (G2=55.5; A=1.9) and in the Italian (G2= 134.2; A=1.7) tables. In the rest of 
the countries, however, the misclassifications are higher. Restricting the two-way transition 
probability matrixes in the second chain to be an identity matrix releases two degrees of free­
dom, so the Mover-Stayer model has 10 degrees of freedom. However, the time- 
homogeneous Mover-Stayer model does not have a particularly good fit. A likely explanation 
for this might be that the transition probabilities in the movers' chain are assumed to be time- 
homogeneous. The Mover-Stayer* model removes the stationary constraint from the movers' 
two-way transition probabilities and this takes 4 degrees o f freedom, leaving 6 degrees of 
freedom in use. The time-heterogeneous Mover-Stayer* model has a reasonably good fit: in 
many countries the misclassification is less than two per cent. The best fit can be found with 
the UK table, where the model misclassifies 1.5 per cent of the cases with the G2 value of
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69.3. However, the misclassifications are higher in other countries, indicating that allowing 
the population to be heterogeneous is not enough to gain a Markov chain model with an ac­
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We expect that measurement error causes a mismatch between the model and the data, as has 
been the case with the two previous measures. By fitting a Latent Class model with two latent 
classes we can again gain a quantitative description on the amount of error in the subjective 
deprivation transition tables. The LC model, when fitted to a transition table, tests the extreme 
hypothesis that all observed change is error. The LC model has 12 degrees of freedom when 
the latent conditional probabilities are set to be stationary, i.e. when error is assumed to be 
constant from the measurement point to the next. The LC model has the best fit with the 
Dutch table where the model misclassifies 2.8 per cent of all cases with the G2 value of 168.5.
In the rest of the countries the mismatch is much higher. In the unconstrained LC* model, the 
latent conditional probabilities are allowed to vary, i.e. the model assumes that reliabilities 
vary between measurement points, and this takes 6 degrees of freedom. The unconstrained 
LC* has a better fit with the data than the LC model. The best fit can be found again in the 
UK table where the model misclassifies 1.5 per cent of all cases with the G2 value of 95.3.
Again the LC* model has a surprisingly good fit with every country, when the extreme as­
sumption that the model makes about the nature of transition, i.e. that all transition is error, is 
kept in mind. This indicates that a large part of the subjective deprivation mobility we have 
just modelled with Markov models is just random error.
!
We tackle this error again by using measurement models that allow each manifest indicator to j
measure subjective deprivation imperfectly. The time-heterogeneous (Simple) Latent 
Markov* model seems to have a better fit to the data than its stationary counterpart, the time- 
homogeneous (Simple) Latent Markov model. This is not a surprise, since we have already 
learnt that the two-way transition probabilities are not constant through time. The time- 
heterogeneous Latent Markov* model has six degrees of freedom and the model has the best 
fit with the UK table, where the dissimilarity index indicates that 1.2 per cent of the cases is 
misclassified with the G2 value of 47.8. When comparing the fit of the Latent Markov* model 
to the fit of the Simple Markov* model (which is the direct counterpart to the structural sub­
model in the Latent Markov* model), we can see that in most of the countries the likelihood 
ratios and misclassifications produced by the Latent Markov* model are only a fraction of 
what the Simple Markov* model produces. This indicates that if we use models that assume a 
saturated structural model (i.e. no mismatch between the model and the data is allowed), then 
error will be mistaken for a substantive effect. This may lead easily to false conclusions about 
the structure of associations in the data.
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The (Simple) Latent Markov model assumes a homogeneous population and this is the most 
likely reason for the remaining mismatch between the model and the data. So the final model, 
time-heterogeneous (partially) Latent Mover-Stayer model allows for error and assumes that 
the population consist of two groups, movers and stayers, that both follow their own transition 
trajectory. The Latent Mover-Stayer seems to describe the dynamics of subjective deprivation 
quite well in every country, except in Greece, Spain and Portugal. The model has four degrees 
of freedom left and it misclassifies less than one per cent of all the cases in the Netherlands 
(G2=15.7), in Italy (G2=25.7) and in the UK (G2=19.3). Only in Greece, Spain and Portugal 
are the misclassifications (A) over two per cent of all the cases. Hence, it seems that we can 
model the subjective deprivation transition with the same Latent Mover-Stayer model than we 
used to model the transitions of financial poverty and housing deprivation. Also, as was the 
case with the two objective poverty measures, allowing stayers' chain to contain measurement 
eiror does not improve the model fit. Even though there are statistically significant differences 
between the observed and estimated models in a every country (at 0.05 level), we can be satis­
fied with the model fit when baring in mind again that we are modelling transition tables with 
large Ns.
4.4.2 Error corrected estimates for subjective deprivation dynamics
The estimated parameter values of the time-heterogeneous Latent Mover-Stayer model are 
presented in the Table 4.4.2. There is a large country variation in the proportion of movers 
(and correspondingly in the proportion of stayers) as the chain proportion n indicates. Unlike 
with the previous two objective poverty measures, the largest movers' groups can be now 
found in the Southem-European countries where, the clear majority of the population is esti­
mated to be movers. In Spain and in Portugal, the proportion of movers is especially high: at 
93 and 90 per cent. However, when observing the initial probabilities that indicate how many 
of the movers (or stayers) are classified as (subjectively) deprived at the first measurement 
point, we can see that there are also relatively more deprived people among the movers in the 
Southem-European countries. By multiplying the chain proportion n with the initial probabil­
ity 6, we can estimate the proportion of population that will never be in deprivation, and also 
the proportion of population that live in constant subjective deprivation. The highest propor­
tion of population that is always in subjective deprivation can be found in Greece, at 14.9 per
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cent, and the proportion of those in constant subjective deprivation is also high in Portugal 
(10.4%) and in Spain (7.3%). The highest proportions of people never expected to experience 
deprivation can be found in the Netherlands (59.6%), Denmark (50.9%) and in the UK 
(49.1%), where roughly a half of the population is estimated to be in no risk of subjective 
deprivation. The proportion of stayers is low in Spain and Portugal, but the fraction of stayers 
that are deprived is high: in Spain 98 per cent of the stayers are estimated to be deprived and 
in Portugal the full 100 per cent. On the other hand, in Ireland and in Italy the model estimates 

















tion Latent Transition Probabilities x t to t+1
Response
probabilities
Chain 3C Class 5 Class 1 Class 2 Class 1 Class 2 Classi Class2
non-
depriv. deprived
DK Mover 0,46 Class 1 0,75 0,94 0,06 0,93 0,07 0,93 0,07 0,94 0,06
Class 2 0,25 0,68 0,32 0,29 0,71 0,53 0,47 0,06 0,94
Stayer 0,54 Class 1 0,95 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,05 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
NL Mover 0,39 Class 1 0,69 0,94 0,06 0,95 0,05 0,96 0,04 0,89 0,11
Class 2 0,31 0,29 0,71 0,03 0,97 0,24 0,76 0,24 0,76
Stayer 0,61 Class 1 0,98 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,02 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
B Mover 0,91 Class 1 0,83 0,95 0,05 0,97 0,03 0,96 0,04 0,98 0,02
Class 2 0,17 0,06 0,94 0,31 0,69 0,20 0,80 0,36 0,64
Stayer 0,09 Class 1 0,65 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,35 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
F Mover 0,80 Class 1 0,70 0,94 0,06 0,96 0,04 0,98 0,02 0,96 0,04
Class 2 0,30 0,14 0,86 0,08 0,92 0,14 0,86 0,40 0,60
Stayer 0,20 Class 1 0,90 - 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,10 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
IRL Mover 0,64 Class 1 0,55 0,97 0,03 0,91 0,09 0,97 0,03 0,81 0,19
Class 2 0,45 0,29 0,71 0,04 0,96 0,27 0,73 0,13 0,87
Stayer 0,36 Class 1 1,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
1 Mover 0,61 Class 1 0,69 0,92 0,08 0,96 0,04 0,93 0,07 0,87 0,13
Class 2 0,31 0,18 0,82 0,26 0,74 0,17 0,83 0,16 0,84
Stayer 0,39 Class 1 1,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
EL Mover 0,76 Class 1 0,47 0,75 0,25 0,78 0,22 0,88 0,12 0,85 0,15
Class 2 0,53 0,29 0,71 0,12 0,88 0,08 0,92 0,14 0,86
Stayer 0,24 Class 1 0,38 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,62 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
E Mover 0,93 Class 1 0,49 0,85 0,15 0,97 0,03 0,95 0,05 0,97 0,03
Class 2 0,51 0,12 0,88 0,00 1,00 0,20 0,80 0,40 0,60
Stayer 0,07 Class 1 0,02 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 0,98 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
P Mover 0,90 Class 1 0,62 0,84 0,16 0,94 0,06 0,94 0,06 0,95 0,05
Class 2 0,38 0,24 0,76 0,12 0,88 0,04 0,96 0,22 0,78
Stayer 0,10 Class 1 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00
Class 2 1,00 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
UK Mover 0,50 Class 1 0,72 0,91 0,09 0,97 0,03 0,98 0,02 0,95 0,05
Class 2 0,28 0,29 0,71 0,29 0,71 0,23 0,77 0,34 0,66
Stayer 0,50 Class 1 0,98 1,00 0,00 1,00 0,00 1,00 0 ,0 0 1,00 0,00
Class 2 0,02 0,00 1,00 0,00 1,00 0,00 1,00 0,00 1,00
134
The response probabilities show that with the subjective deprivation measure, failures to iden­
tify a true deprived case and a true non-deprived case are at roughly the same level in four out 
of ten countries. However, in half of the countries, failure to identify a true deprived case is 
more common than failure to identify a true non-deprived case. Hence, with the subjective 
deprivation measure, misclassifying true deprived cases as non-deprived often causes most of 
the misclassifications. Fewer misclassifications are the type where a true non-deprived case is 
misclassified as deprived. The largest error in identifying the true deprived can be found in 
the French and Spanish models, where 40 per cent of the latent (true) deprived are misclassi­
fied as non-deprived. Correspondingly, only 3-4 per cent of the true non-deprived cases are 
misclassified as deprived in these two countries. However, the proportion of the population 
that is classified as subjectively deprived does not have an association with the level of reli­
ability, though, one might expect that a lower subjective deprivation rate would mean less 
misclassifications. For example, the subjective deprivation rate is the lowest in the Nether­
lands, but the model estimates that the subjective measure has an average reliability in the 
Dutch table.
Since it is difficult to compare (latent) transition probabilities between countries when they 
are presented separately for the movers and the stayers (whose proportions then vary between 
countries), we again weight the latent transition probabilities by the tt's and this way calculate 
the overall latent transition rates in the population. In Table 4.4.3 the observed transition rates 
are once again highlighted and presented below the estimated error corrected transition rates. 
We can see that in every case the observed transition probability, either inflow or outflow 
rate, is higher than its latent counterpart. This indicates that measurement error increases ob­
served fluidity, as was expected. The over-estimation seems to be especially high in the tran­
sition probabilities from deprived to non-deprived. In other words, much of what appears to 
be a move out of subjective deprivation is, in fact, error. We could have already concluded 
this result from the response probability matrixes, which clearly showed that a large part of 
the true deprived are falsely identified as non-deprived. When comparing the transition prob­
abilities, especially the corrected latent transition probabilities, of the subjective deprivation 
measure to the transition probabilities of the two objective poverty measures, we cannot help 
but notice that fluidity seems to be similar with all the three indicators, despite the large dif­
ferences in marginal distributions. We will return to this in the next chapter.
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T a b le  4 .4 .3 : C o r r e c t e d  ( la t e n t )  a n d  o b s e r v e d  tr a n s it io n  p ro b a b il it ie s  f o r  s u b j e c -  
t iv e  d e p r iv a t io n  d y n a m ic s _________________________________________________________________ ___




Not D e p r Depr Not D e pr Depr Not Depr Depr
D K C orre cted Not poor 0 ,9 7 0,03 0,97 0,03 0,97 0,03
Poor 0 ,3 2 0,68 0,14 0,86 0,25 0,75
O b s e rv e d  ' Not poor 0 ,9 5 0,05 0,94 0,06 0,94 0,06
P oor , ,0 ,5 7 ._ 0 , 4 3 . ______0,36_ ___0,64^ 0,49. 0,51
N L C orre cted Not poor 0,9 8 0,02 0,98 0,02 0,98 0,02
Poor 0,11 0,89 0,01 0,99 0,09 0,91
O b s e rv e d " Not p oor ' S  " 0 , 9 4 0,06 0,94 ' 0,06 0,94 0,06
Poor 0 ,4 8.._ 0 ,5 2 _____ __0,38._U P ,6 2 _ _  . 0,46 0,54
B C orre cte d Not poor 0 ,9 6 0,04 0,97 0,03 0,96 0,04
Poor 0 ,0 6 0,94 0,29 0,71 0,18 0,82
O b s e rve d Not poor 0,92 0,08 0,93 0,07 0,93 0,07
_Poor , ^ 0 , 3 8 . ,0 ,6 2 . 0,47. ___0,53_ .„ ■ „ P ,4 2 .___ 0,58
F C orrected Not poor 0 ,9 5 0,05 0,97 0,03 0,98 0,02
Poor 0 ,12 0,88 0,07 0,93 0,11 0,89
O b s e rve d Not poor 0,89 0,11 0,89 0,11 6,90 0,10
— — — .— — . Poor __ P «48„ ...0 ,5 2 . . _ 0 , 4 6 , ... _0,54..._ _  0,49
. ,0 ,5 1
IRL C orre cted Not poor 0,98 0,02 0,94 0,06 0,98 0,02
Poor 0,19 0,81 0,02 0,98 0,17 0,83
O b s e rve d Not poor ^ 'rQ~QQ 0,12 0,85 0,15 6,88 0,12
;— ..— . ....... .. Poor ; ^ i Q , 4 3 ^ 0,57 ...0 ,3 2 ; _ _ P »6 8 _
..... 0,43 „ 0 . 5 7
1 C orre cted Not poor 0 ,9 5 0,05 0,98 0,02 0,96 0,04
Poor 0,11 0,89 0,16 0,84 0,10 0,90
O b s e rve d Not poor 0 ,89 0,11 0,90 0,10 0,89 6,11
. — ^ P o o r _  ^ 0,41 U P , 59 ™ . P , 4 7 _U > ,5 3  . „ „ 0 , 4 5 . . _  0,55
EL C orre cted Not poor 0,81 0,19 0,83 0,17 0,91 0,09
Poor 0,2 2 0,78 0,09 0,91 0,06 0,94
O b s e rve d  . Not poor 0 ,6 9 0,31 0,70 ' 0,30 0,75 6,25
Poor ¿ . 0 , 2 9 ,_P»71. ..........0,21 0 ,7 9 . 0 ,1 9 .. „  0,81
E C o rre cted Not poor 0 ,8 6 0,14 0 ,97 0,03 0,95 0,05
P oor 0,11 0,89 0,00 1,00 0,19 0,81
O b s e rve d Not p o o r" ~ 0 ,76 0,24 : 0,78 0,22 0,80 6,20
.— ^  P o o r _ _ 0 ,6 _ ! _ _  0 ,3 4. _ 0 ,G 6 _
0,43 m__0,57
P C o rre cted Not poor 0 ,8 6 0,14 0,94 0,06 0,94 0,06
P oor 0 ,22 0,78 0,11 0,89 0,04 0,96
O b s e rve d Not poor * 0,78“ 0,22 0,83’ 0,17 6,82 0,18
------- — — i- P oor ¿ O f3 2 ___ 0 ,6 8 . 0.28
_ 0 , 7 2 _ 0 ,2 3 ,___0,77
U K C orrected Not poor 0 ,9 5 0,05 0,99 0,01 0,99 0,01
P oor 0 ,1 5 0,85 0,14 0,86 0,11 0,89
O b s e rv e d . Not p o o r . 0 ,93 0,07 0,95 0,05 • .0,95 6,05
P o o r 0,53 0,47 0,55 0,45 0,53 0,47
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Finally, the error corrected parameter estimates of the Latent Mover-Stayer model are used to 
separate the true change and error in the subjective deprivation transition tables. The two top 
rows of Table 4.4.4 presents the observed proportion of stable cases (OBS) and the observed 
proportion of change (OBC), which are calculated from the observed frequencies. When 
comparing the true change (TOC) to the observed change (OBC), we quickly come to the 
conclusion that measurement error causes the number of mobile cases to be over-estimated in 
the subjective deprivation transition tables. In other words, the true change is substantially 
smaller than the observed change in every country. For example, the observed mobility in the 
Greek and Spanish tables is over 50 per cent of the total sample, but the true change is only 34 
per cent in the Greek table and only 24 per cent in the Spanish table. When comparing the 
true change (TOC) to the observed change (OBC), we can see that mobility in the subjective 
deprivation transition tables is over-estimated by 30 to 50 per cent. As a consequence of the 
over-estimated mobility, stability is under-estimated in the transition tables. This can be seen 
when comparing the proportions of true stable cases (perfect stability plus TOS) with OBS.
T a b le  4 .4 .4 : E s t im a t e d  p r o p o r t io n s  o f  t ru e  s ta b ility  a n d  c h a n g e  a n d  p o v e r t y  ra te  in  th e  
s u b je c t iv e  d e p r iv a t io n  t r a n s it io n  t a b le s ___________________________________________________________
D K N L B F IR L 1 E L E P U K
O B S 0 .7 7 0 .7 8 0 .7 6 0 .6 7 0 .5 9 0 .6 5 0 .4 9 0 .4 8 0 .5 4 0 .7 8
O B C 0 .2 3 0 .2 2 0 .2 4 0 .3 3 0.41 0 .3 5 0.51 0 .5 2 0 .4 6 0 .2 2
P e rf .S ta b . 0 .5 4 0.61 0 .0 9 0.21 0 .3 6 0 .3 9 0 .2 4 0 .0 7 0 .1 0 0 .5 0
T O S 0 .2 9 0 .2 9 0 .7 5 0 .6 5 0 .4 4 0 .4 4 0 .4 2 0 .6 9 0 .6 3 0 .3 7
T R S 0 .2 3 0 .1 6 0 .6 4 0 .4 3 0.21 0 .2 5 0 .2 3 0 .3 6 0 .41 0 .2 6
e r r o r 0 .0 7 0 .1 3 0.11 0 .2 2 0 .2 3 0 .2 0 0 .1 9 0 .3 3 0 .2 2 0.11
T O C 0 .1 7 0 .1 0 0 .1 6 0 .1 4 0 .2 0 0 .1 7 0 .3 4 0 .2 4 0 .2 7 0 .1 3
T R C 0 .1 3 0 .0 5 0 .0 7 0 .0 5 0 .1 0 0 .0 9 0 .1 9 0 .0 8 0 .1 5 0 .0 6
e r r o r 0 .0 4 0 .0 5 0 .0 9 0 .0 9 0 .1 0 0 .0 8 0 .1 6 0 .1 6 0 .1 2 0 .0 8
O b s . ra te 1 6,0 1 3,6 1 4,0 19,0 3 2 ,0 2 1 ,7 55,1 3 6 ,9 3 9 ,8 12,0
L a te n t ra te 1 4 ,5 1 3 ,6 1 8 ,4 2 6 ,0 2 8 ,9 1 9 ,2 5 5 ,2 5 4 ,7 4 4 ,1 1 4 ,8
Error seems to operate with a different magnitude in different countries. There seems be an 
association between the magnitude of error and the level of observed subjective deprivation 
mobility: countries whit high observed mobility tend to also have higher over-estimation. This 
association was present also in the financial poverty and housing deprivation transition tables. 
When error is then removed from the estimates of subjective deprivation mobility, there is 
less cross-country variation. For example, the Danish table has one of the lowest observed
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subjective deprivation mobility rates (23 per cent). When purged from error, the Danish table 
has an average true mobility rate (17 per cent). The opposite is true in the Spanish table, 
where the observed mobility rate is the highest (52 per cent), and when the over-estimation is 
corrected, the Spanish table has also an average mobility rate (24 per cent). However, the rank 
order of countries seems to remain similar.
If error has an effect on the estimates of subjective deprivation dynamics, we can expect that 
it also has an effect on the cross-sectional rate. W e can calculate the latent cross-sectional 
deprivation rate by multiplying the chain proportion n  by the initial proportion Ô in the Table
4.4.2 in both chains and then sum the two products. When comparing this error corrected sub­
jective deprivation rate to the observed rate (in 1994) in Table 4.4.4, we can see the error cor­
rected rate gives a somewhat higher estimate for subjective deprivation than the observed rate. 
Only in Denmark, Ireland and in Italy is the latent subjective deprivation rate lower than the 
observed rate. In the rest of the countries, the error corrected subjective deprivation rate is 
somewhat higher than the observed rate. The error corrected rate also shows more cross­
country variation than the observed rate. This is perhaps a surprising finding, since the oppo­
site was the case with the two objective measures: the error corrected financial poverty and 
housing deprivation rates showed less country variation than the corresponding observed 
rates.
Therefore, it seems that the subjective poverty indicator also gives an affirmative answer to 
the two research questions that were presented in this chapter: there seems to be more than 
one transition trajectory in the population and subjective deprivation mobility is over­
estimated by 30 to 50 per cent (in the most of the countries), if error is ignored. The popula­
tion is grouped into three groups that have very different (subjective deprivation) trajectories. 
The incidences of subjective deprivation are not as equally distributed over the population, as 
for example, the individualisation thesis seems to suggest. On the other hand, the large pro­
portion of movers in most of the countries supports the individualisation thesis, so again there 
is mixed evidence for and against the individualisation thesis.
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4.5 Conclusions
We were able to model the transition of financial poverty, housing deprivation and subjective 
deprivation in every country with the same time-heterogeneous (partially) Latent Mover- 
Stayer model. The model assumes that there are three groups of people in the population and 
that each group has its own distinctive trajectory: non-mobile cases that never exit poverty (or 
deprivation), non-mobile cases that never enter poverty (or deprivation) and movers that fol­
low a first-order Markov process. We can conclude that the results of the model fitting sup­
port the first research hypothesis: the population seems to be heterogeneous in their relation to 
the transition of poverty (and deprivation). This means that the risk for poverty (or depriva­
tion) is not equally distributed over the population, instead, parts of the population have 
higher risk of experiencing poverty spells than others.
The Latent Mover-Stayer model also gives us a means to test the individualisation thesis, al­
though indirectly. We can assume that the smaller the movers' class is, and the bigger the 
stayers' class is, the more structured poverty is. In other words, the relative size of the movers' 
class indicates how widely and equally poverty (or deprivation) incidences are distributed in 
the population. The extreme case would be that there are no movers and the population would 
be divided into the two groups of stayers: to those always in poverty and to those always out 
of poverty. Table 4.5 presents the proportion of people always in poverty (or in deprivation), 
the proportion of people never in poverty and the proportion of movers (calculated from the 
parameter estimates of the Latent Mover-Stayer model). We can see that usually the majority 
or at least a half of the population is estimated to be movers. This is the case with all three of 
the poverty indicators. For example in the three Danish panels, 81 per cent (financial pov­
erty), 97 per cent (deprivation) and 46 per cent (subjective deprivation) of the population is 
estimated to be movers. It seems to be usual that the majority of population live under the risk 
of poverty, although the risk is often rather small. This observation is congruent with some 
aspects of the individualisation thesis, namely that poverty also reaches the middle classes in 
the contemporary welfare state. On the other hand, we can see that the other half of the popu­
lation are stayers. For example, in the Netherlands and Italy around a half of the population is 
expected never to experience poverty or deprivation. Even in Denmark, where the majority is 
estimated to be movers with the two objective measures, the subjective measure indicates that 
51 per cent never experience subjective deprivation. Also in many countries the proportion of 
people living under constant poverty is substantial (like in Greece, Spain and Portugal). These
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examples would suggest that poverty is (still) very much a structural phenomenon. So the 
answer to the question is poverty 'democratic' and 'transitory' in the contemporary post- 
industrialised society depends on what aspects of poverty mobility we focus on: the propor­
tion of movers or the proportion of (non-poor) stayers. But a severe interpretation of the indi­
vidualisation thesis does not get support from our empirical results.
Table 4.5: Proportions of m overs and stayers in population
D K N L B F I R L 1 E L E P U K
Financial
M o v e r s 8 0 .5 83.1 4 1 .3 3 6 .9 6 6 .7 5 2 .3 5 5 .6 4 0 .7 7 6.1 5 0 .7
S t a y e r s  in
p o ve rty 1.1 2 .5 0 .0 5.1 3 .6 2 .6 2 .3 2 .8 8 .2 3 .3
n o n -p o v e rty 1 8 .4 1 4 .5 5 8 .8 5 8 .0 2 9 .8 4 5 .1 42.1 5 6 .5 1 5 .8 4 6 .0
Deprivation
M o v e r s 9 7 .0 4 0 .7 3 4 .4 94.1 5 4 .7 4 3 .7 7 9 .5 5 0 .2 7 6 .4 5 2 .3
S t a y e r s  in
d e p riva tio n 0 .4 0 .0 1 .9 1 .8 0 .0 0 .9 0 .3 0 .0 5 .9 0 .9
n o n -d e p riv . 2 .6 5 9 .3 6 3 .7 4.1 4 5 .3 5 5 .4 2 0 .2 4 9 .8 1 7 .7 4 6 .8
Subjective
M o v e r s  
S t a y e r s  in
4 6 .3 3 9 .2 9 1 .5 7 9 .8 6 4 .0 6 1 .1 7 6 .0 9 2 .6 8 9 .6 4 9 .9
d e p riva tio n 2 .8 1.3 3 .0 2.1 0 .0 0 .0 14.9 7 .3 1 0 .4 0 .9
n o n -d e p riv . 5 0 .9 5 9 .6 5 .6 1 8 .2 3 6 .0 3 8 .9 9.1 0.1 0 .0 49.1
The common longitudinal structure that poverty and deprivation seem to have across coun­
tries indicates that the same macro-structural factors shape the longitudinal structure of social 
disadvantages. We can assume that the structure of disadvantages arises from the different 
positions in the production labour (see chapter 1.2.2.), in a similar way as the structure of so­
cial stratification does. Naturally, the structure of poverty and deprivation is shaped by institu­
tional arrangements of the welfare state and family. However, what is interesting is that the 
structure of disadvantages is the same across the countries that have different welfare state 
arrangements. W e will return to this in the conclusion chapter.
The second research question that is addressed in this chapter is whether poverty dynamics 
are over-estimated, if random error is ignored. The parameter estimates of the Latent Mover- 
Stayer model were utilised to separate true change and error. In the measurement sub-model 
of the Latent Mover-Stayer model we made the assumption that errors are independent over
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waves, which is not necessarily a valid assumption. However, we cannot test this assumption 
with the data we have (see Breen & Moisio 2004). The measurement error is mainly associ­
ated with the failure to accurately identify the poor, the non-poor are identified with much less 
error. These failures where a true poor case is misclassified as non-poor means that much of 
what appears to be exits from poverty (or deprivation) in the panel is actually error. Error cor­
rected parameter estimates indicated that mobility in poverty (and deprivation) panels is over­
estimated in most of the cases by 25 to 50 per cent if the random error is ignored. Error cor­
rected estimates also show that not only does correcting for measurement error influence con­
clusions we might draw regarding any single country but also, because these errors operate 
with differential effect in the various countries, they also lead us to different conclusions 
about country comparisons. Therefore, we have seen that once error is corrected, the ordering 
of countries in terms of the size of their flow into and out of poverty can change. This change 
was particularly striking among some Southem-European countries, whose relative position 
on the ranking of poverty (and deprivation) mobility dropped often from the top to the bottom 
when error was corrected.
It seems that Duncan's (1997) concern about the possibility of measurement error in longitu­
dinal poverty studies and the consequent risk of over-estimating poverty mobility is every­
thing but irrelevant. Analyses in this chapter showed that in some cases over half of the ob­
served mobility is just random error, noise. The danger of over-estimating poverty mobility 
needs to be taken more seriously now especially because longitudinal poverty measures are 
gaining more visibility in the EU policymaking. Eurostat's decision to incorporate a longitu­
dinal poverty measure into the structural indicators is one example of the growing influence 
of longitudinal poverty measures in policymaking (see Eurostat 2003). It has been accepted 
that analysing poverty as a longitudinal phenomenon is essential both to our understanding of 
it and to the development of social policy. Now we should also accept that longitudinal meas­
urement requires error correction, since random error has a different effect in longitudinal 
poverty measurement than in cross-sectional. In other words, the expected and true values of a 
cross-sectional estimate are equal, but this is not the case with estimates describing transitions 
and dynamics in the panel data. In panel data, if random error is not incorporated into the 
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We have seen that the transition probabilities in the financial poverty, deprivation and subjec­
tive deprivation transition tables are similar, especially when the effect of random error is 
removed. In the next chapter we will test if the pattern of fluidity is common in the transition 
tables of direct, indirect and subjective indicators.
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5. COMPARING POVERTY DYNAMICS ACROSS INDICATORS
5.1 Introduction
The log-linear modelling in chapter four showed how the population can be divided into three 
groups each with very different poverty (or deprivation) mobility trajectories. The associa­
tions in the financial poverty, housing deprivation and subjective deprivation transition tables 
were crystallised into a classical Mover-Stayer model that allows error in the measurement. 
We also discovered that the observed poverty transition probabilities were surprisingly similar 
between the three indicators that have very different marginal distributions. The error cor­
rected (true) transition probabilities show even more similarity across the three indicators than 
the observed probabilities. The obvious continuation from here is to test whether the transition 
probabilities that describe the pattern of fluidity are common in the transition tables of finan­
cial poverty, housing deprivation and subjective deprivation.
In this fifth chapter we test the third research hypothesis that states that different poverty clas­
sifications have common dynamics. This hypothesis is derived from David Gordon's (2002, 
15) thesis that direct and indirect poverty indicators measure the same dynamic process of 
poverty, but in its different phases. The empirical method to test the possible commonality of 
poverty and deprivation dynamics is to combine the three transition tables into a layered table 
and fit a model assuming a common pattern of transition probabilities in the layer. Each tran­
sition table ABCD is now treated as a category of a new variable M that has three categories 
(or layers): financial poverty transition, housing deprivation transition and subjective depriva­
tion transition.
In the next section the Common Fluidity model and the Latent Common Fluidity model are 
presented and then tested with the layered MABCD tables to find out if the pattern of fluidity 
is common to all three poverty indicators. In the third section we study more closely the tran­
sition probabilities by comparing the latent and observed inflow (into poverty) and outflow 
(out of poverty) probabilities between the three classifications. The fourth section summarises 
the empirical findings made in the chapter.
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5.2 Common pattern of fluidity between indicators
When testing the hypothesis that the pattern of fluidity is common across the three transition 
tables, we use a  method that is widely used in studies of social mobility (e.g. Erikson & Gold- 
thorpe 1992). W e treat our three transition tables as if they were mobility tables from different 
countries and construct a layered table from them by creating a new variable M, which indi­
cates the layers. The value I (labelled I) in the new variable M indicates the financial poverty 
transition table, the value II (labelled D) indicates the housing deprivation transition table and 
the value III (labelled S) indicates the subjective deprivation transition table. The variable M 
is then treated like any other categorical variable in the log-linear models. If we continue to 
label the repeated classifications in 1994, 1995,1996 and 1997 as A, B, C and D, we can pre­
sent the layered transition table as MABCD.
We can test the assumption that the fluidity in the three transition tables ABCD is common 
with a model that assumes a common pattern of transition probabilities in the layers of M. 
The model would be equivalent to the Constant Social Fluidity model that is often used in 
social mobility studies to compare the transition probabilities between the social origin and 
destination at different times (Erikson & Goldthorpe 1992). Here we use the Common Fluid­
ity (CF) model to test the hypothesis that the pattern of fluidity, i.e. the transition probabili­
ties, is common in the poverty and deprivation transition tables. The Common Fluidity model 
assumes that A, B, C and D can have different marginal distributions in the classes of M, but 
all the associations between A, B, C and D are constant across the classes of M. (see Appen­
dix A)
However, a weakness of the CF model is that it does not assume, to be precise, that the fluid­
ity is common in the layers of M: the CF model assumes that the sum of fluidity and error is 
common in the layers of M. We can eradicate this weakness by incorporating error into the 
CF model. The Latent Common Fluidity model (LCF) has the measurement component that 
relates each observed measure A, B, C and D to the structural component of the model with a 
probabilistic relationship, allowing a separate error for each manifest variable. The structural 
component of the LCF model is the exact copy of the CF model, although the associations in 
the {ABCD} table are now assumed to be mediated trough the latent structure {VWXY} (see 
Appendix A). So the Latent Common Fluidity model assumes common fluidity between A, B, 
C and D in the categories o f M, as in the CF model, but the LCM model relates A, B, C and D
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to the latent structure that represent the common fluidity with probabilistic relationships al­
lowing for error in their measurement.
Table 5.1 presents model fit diagnostics for the Common Fluidity and the likelihood ratios for 
each M layer separately. The CF model has 22 degrees of freedom and the misclassifications 
(A) vary from the Netherlands's 1.3 per cent to Portugal’s 5.7 per cent. The average misclassi- 
fication among the ten countries is around four per cent. So it seems that the CF model does 
not have a particularly good fit. If we study the likelihood-ratios (G2) separately in each tran­
sition table we can evaluate where the mismatch between the observed and estimated model 
occurs. A separate likelihood-ratio estimate for each M layer is calculated from the fitted val­
ues of the CF models and the Ns are standardised, since the transition tables contain a some­
what different number of cases due to missing cases (Erikson & Goldthorpe 1992, 116). By 
breaking down the likelihood ratio like this we can study whether one of the layer(s), i.e. tran­
sition table(s), causes more mismatches between the estimated and observed frequencies than 
the others. For example, in Portugal the LC model has a clearly poorer fit in the subjective 
deprivation transition table than in the financial poverty or the housing deprivation transition 
tables: 46 per cent of the overall likelihood ratio is produced in the subjective deprivation 
layer (449.2 / 976.0). But in the rest of the countries we cannot really point to a transition ta­
ble that would be the 'weakest' i.e. causing more mismatch than the other two tables.
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T a b le  5.1 C o m m o n  F lu id i t y  a n d  L a t e n t  C o m m o n  F lu id i t y  
m o d e ls  a n d  t h e ir  L ik e lih o o d  r a t io s  f o r  e a c h  t r a n s it io n  ta - 
b le s  s e p a r a t e ly _____________________________________________________
C F Sub-tables of M
df G 2 Delta G 2  in I G 2  in D G 2  in S
D K 22 271.0 2.4 45.0 96.1 129.9
N L 22 134.0 1.3 48.5 57.1 28.4
B 22 326.1 2.9 104.4 95.4 126.3
F 22 916.8 4.7 513.4 95.2 308.2
IR L 22 566.4 4.0 175.3 211.0 180.2
1 22 381.8 2.9 70.3 118.0 193.5
E L 22 671.1 4.7 339.5 77.0 254.6
E 22 914.6 4.4 210.7 348.5 355.4
P 22 976.0 5.7 387.5 139.3 449.2
U K 22 190.3 2.1 72.6 42.2 75.4
L C F Sub-tables of M
df G 2 Delta G 2  in i G 2  in D G 2  in S
D K 16 .228.8 2.2 49.6 93.6 85.5
N L 16 114.3 1.1 31.4 58.0 24.9
B 16 261.2 2.4 63.0 75.6 122.6
F 16 171.3 1.4 28.2 93.2 49.9
IR L 16 364.8 2.4 142.2 130.5 92.1
1 16 107.5 1.0 26.8 37.9 42.8
E L 16 272.6 2.4 112.4 49.5 110.7
E 16 377.3 2.2 131.1 70.6 175.5
P 16 488.1 3.2 201.5 80.6 206.0
U K 16 90.9 1.3 20.6 33.2 37.1
We might expect that one reason for the poor fit of the Common Fluidity model is that it does 
not allow for error in the model. When observing the fit of the model diagnostics for the La­
tent Common Fluidity model in Table 5.1, it seems that this expectation is correct: the Latent 
Common Fluidity model has a better fit than the Common Fluidity model in every country, 
indicating that the true fluidity shows less variation than the observed fluidity between the 
three transition tables. The LCF model has 16 degrees of freedom, as including four stationary 
2*2 reliability matrixes into the model takes six degrees of freedom. But the LCF model de­
creases the likelihood ratio value by 15 to 81 per cent when compared to the CF model. In 
some countries, taking error into account increases the model fitness dramatically. For exam- 
pie, in the French table the misclassification is 1.4 per cent of all cases with a G value of 
171.3. Hence, the decrease in the A value is over 70 per cent compared to the CF model (4.7 
to 1.4 per cent). The best fit can be found in the Italian table where the LCF model misclassi- 
fies only 1.0 per cent of the cases with a G2 value of 107.5. The LCF model has a good fit in
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many other countries too. For example, in the Dutch, the French and the UK tables, the LCF 
model misclassifies less than one and a half per cent of all cases.
When comparing the likelihood ratios in each transition table separately under the LCF 
model, we can notice that none of the transition tables clearly stand out as a ’deviant' from 
others: not even in countries where the LCF model fits less well. However, in some countries, 
even a half of the total G2 value is produced in one transition table. For example, in the 
French table, 54.4 per cent of the total G2 value is produced in the housing deprivation layer. 
However, when observing all ten countries, we can see that none of the layers are systemati­
cally producing more mismatches than the others between the LCF model and the observed 
data.
The hypothesis that the direct, indirect and subjective poverty indicators have a common pat­
tern of fluidity does get prudent support, at least in the four countries mentioned (Italy, Den­
mark, France and the UK). The reason why the Latent Common Fluidity model does not have 
a particular good fit in some countries, e.g. in the Portuguese table, cannot be seen as a fault 
of any particular indicator. In other words, each country seems to have some unique differ­
ences between the transition probabilities of financial poverty, housing deprivation and sub­
jective deprivation: in some countries it is the fluidity in the deprivation table that seems to 
differ from the fluidity in the financial and subjective deprivation tables, in other countries it 
is the fluidity in income or subjective deprivation table that is different. However, it has to be 
noted that the variation in the error-corrected transition probabilities between the three transi­
tion tables is strikingly small in every country. We will now study more closely the pattern of 
fluidity in the three transition tables by looking to the observed and error-corrected transition 
probabilities that describe the inflows to and outflows from poverty (and deprivation).
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5.3 Error corrected absolute and relative mobility rates
The better the fit that the Latent Common Fluidity model has with the data compared to the 
Common Fluidity model indicates that the error-corrected transition probabilities show less 
variation between the transition tables of indirect, direct and subjective measures than the 
observed transition probabilities. However, the overall model fitting is a rather rough method 
for comparing the patterns of fluidity. Often mobility in a transition table is analytically bro­
ken down into absolute and relative mobility that can be seen as two aspects of the same phe­
nomenon - mobility. Absolute mobility refers to the absolute number (or proportion) of cases 
that have moved, in other words, changed their status in the panel. Relative mobility, usually 
called fluidity, refers to the transition probabilities that a case may change its status between 
the measurement, point t and t+n. W e follow this analytical breaking down of mobility and 
study absolute mobility and fluidity separately.
Figure 5.1 presents the observed absolute mobility rate (light grey bar) and the error corrected 
absolute mobility rate (dark grey bar) of financial poverty, housing deprivation and subjective 
deprivation in each country. These absolute mobility rates are the same as presented in the 
tables 4.2.4, 4.3.4 and 4.4.4. The absolute mobility rates are only presented visually to make 
comparisons more easily. With every indicator, the observed absolute mobility is over-stated 
as was reported in chapter four. However, the over-estimation seems to be a different size 
with every indicator. Absolute mobility in the subjective deprivation transition tables seems to 
be over-estimated more than in the transition tables of objective poverty measures. Especially 
in the Southem-European countries and in Ireland, observed absolute mobility in the subjec­
tive deprivation table contains a larger error than observed mobility in the financial poverty or 
deprivation table. However, the error corrected absolute mobility rate shows much less varia­
tion between the three transition tables. A suggestion of this was received in the previous sec­
tion where the Latent Common fluidity model showed a much better fit to the data than the 
Common Fluidity model. Also, the rank order between indicators changes when error is re­
moved from the absolute mobility rates. The subjective deprivation transition table has the 
highest mobility rates in every country (except in the UK), but when error is removed, subjec­
tive deprivation has the highest mobility rates only in the four Southem-European countries. 
In the rest of the countries the highest true mobility rate can be found either in the financial 
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Figure 5.1 Observed (left bar) and true (right bar) absolute mobility rates in financial pov­
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Absolute mobility indicates the proportion between those who have changed their status com­
pared to those who have not. Fluidity indicates the likelihood(s) that a case changes its status 
in the panel. Figures 5.2 and 5.3 present the true and observed fluidity as inflow rates into 
poverty (or deprivation) and outflow rates out of poverty (or deprivation). The error corrected 
inflow and outflow rates are calculated from the parameter estimates of the Latent Mover- 
Stayer model and the observed rates are calculated from the observed frequencies (see tables
4.2.3,4.3.4 and 4.4.3).21 The observed inflow and outflow rates are indicated with a light grey 
bar, the error corrected rates with a dark grey bar. The first thing that can be noticed when 
looking at Figure 5.2 is that the error corrected inflow rate is slightly lower than the observed 
inflow rate in every country and with every indicator. This means that error causes the ob­
served inflow rate to somewhat over-estimate the average risk to fall into poverty (or depriva­
tion). We can see also that the error corrected inflow rates of the three indicators are close to 
one another in countries where the LCF model has a good fit. For example, the true inflows of 
financial poverty, deprivation and subjective deprivation are the same level in the Nether­
lands, in France, in Italy and the UK. On the contrary, in countries where the LCF model in­
dicates that the pattern of fluidity is not common between indicators, the true inflow rates of 
the three indicators are also different, as in Greece and in Portugal. However, the over­
estimation in the observed inflow rate seems to be quite similar, usually around 50 to 100 per 
cent, except with the inflows of deprivation and subjective deprivation in the Southem- 
European countries (Italy being the exception) that have a much higher over-estimation. The 
main finding is the same as with the absolute mobility rate: the error-conrected inflow rate 
shows much less variation between the financial poverty, housing deprivation and subjective 
deprivation tables than the observed inflow rate.
21 We cannot use the parameter estimates of the Latent Common Fluidity model to estimate the error corrected 
(two-way) inflow and outflow rates because the model assumes all possible two-way, three-way and four-way 
associations to be in the model. Since the Latent Mover-Stayer model is time-heterogeneous, which makes visu­
alisation of transition probabilities difficult, the inflow and outflow rates in figures 5.1 and 5.2 are simple aver­
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Figure 5.2 Observed (UghtAeft bar) and true (dark/right bar) inflow rates in financial pov­
erty, housing deprivation and subjective deprivation transition tables
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Figure 5.3 presents the observed and error corrected outflow rates. As we expected, the ob­
served outflow rates are over-estimated in every transition table. For example in Denmark, the 
observed outflow out of financial poverty is .50, but the true probability of exiting financial 
poverty is only .12. When comparing Figure 5.2 and 5.3, it seems that the observed outflow is 
over-estimated even more than the inflow. This finding is congruent with the conclusion we 
draw from the response probability (reliability) matrixes in chapter four: a large part of the 
observed transitions out of poverty and deprivation is in fact measurement error. We can also 
notice that the variation of the true outflow rate between the three indicators is smaller than 
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Figure 5.3 Observed (light/left bar) and true (dark/right bar) outflow rates in financial pov­
erty, housing deprivation and subjective deprivation transition tables
5.4 Conclusions
The answer to the third research hypothesis, i.e. that direct, indirect and subjective poverty 
indicators have the common structure o f dynamics, is a cautious yes. There seems to be, if not 
a common, then at least a very similar pattern of fluidity in the transition tables of financial 
poverty, housing deprivation and subjective deprivation. However, there are differences in the 
observed absolute mobility rate as well as in the transition probabilities, but a large part of 
this variation is due to measurement error. The first suggestion of this came when the Latent 
Common Fluidity (LCF) model was discovered to have a much better fit to the data than the 
Common Fluidity model. The Latent Common Fluidity model is a measurement model, where 
the structural part of the model assumes the common pattern of fluidity in the transition tables 
of financial poverty, deprivation and subjective deprivation. The measurement part of the 
model assumes that each manifest indicator relates to this structural component imperfectly, 
allowing each manifest measurement to have a separate error. We also studied the likelihood 
ratios under the LCF model separately in each layer and could not find any evidence that one 
of the indicators would have a deviant pattern of fluidity compared to the other two indicators.
The mobility in the three transition tables was then compared in a more detailed way by 
studying the observed and latent estimates of absolute mobility and fluidity. It seems that not 
only the absolute mobility is over-estimated if random error is ignored, but also poverty and 
deprivation fluidity is over-estimated if error is not corrected. The observed outflow rate es­
pecially vastly over-states the true outflow, while the gap between the observed inflow and 
the error corrected inflow is not that large. The high over-estimation at the observed outflow 
rate indicates that much of what appears to be an exit from poverty (or deprivation) is in fact 
error. The error corrected estimates for absolute mobility and fluidity also show much less 
variation between the transition tables of financial poverty, housing deprivation and subjec­
tive deprivation, as we may have expected on the basis of the Latent Common Fluidity model. 
This is especially the case when the higher than average over-estimation of absolute mobility 
and inflows in the subjective deprivation transition table is corrected; then the true absolute 
mobility and fluidity rates show clear affinity across the three transition tables. What is also 
noticeable is that the dynamics of financial poverty, deprivation and subjective deprivation 
showed no signs of any constant rank order in the ten countries, either before or after correct­
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ing error. In other words, in some countries subjective deprivation showed the highest mobil­
ity rates, but in other countries financial poverty or deprivation had the highest mobility rates.
So, despite the fact that indirect, direct and subjective poverty indicators are giving very dif­
ferent cross-sectional poverty rates, their patterns of fluidity seem to have a high degree of 
similarities. Additionally, much of the variation both in observed absolute mobility as well as 
poverty fluidity rates is caused by measurement error - the error corrected absolute mobility 
and fluidity show much less variation between the three indicators. Correcting error gives 
lower absolute mobility, inflow and outflow rates, but the 'rank order' between the financial 
poverty, housing deprivation and subjective deprivation measures does not usually change. In 
other words, an indicator that has a higher observed mobility rate, tends to also have a higher 
true mobility rate. But this relationship does not seem to apply when we compare the true and 
observed mobility estimates across countries. We have discovered that the rank order of the 
countries according their absolute mobility rate can change dramatically when the error is 
removed. For example, Italy has one o f the highest observed absolute poverty and deprivation 
mobility rates, but one of the lowest true absolute mobility rates. We will now turn to country 
comparisons in the next and final empirical chapter.
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6. COMPARING POVERTY DYNAMICS ACROSS COUNTRIES
6.1 Introduction
One advantage of using a comparative research setting is that differences and similarities in 
attributes between groups and cases can often tell us something about the attribute itself. For 
example, there are different types of welfare states throughout the EU countries. Comparative 
welfare research has pointed out that the present-day welfare states in the European Union can 
be grouped into three or four regimes and similarities inside a regime can be explained by a 
certain socio-historical development (Esping-Andersen 1990). Countries that have a similar 
type of welfare state seem to also have a similar history of industrial relationships and politi­
cal party coalitions, for example. Without a comparative approach, the socio-historical under­
pinning that explains the differences between contemporary welfare states would have been 
difficult to discover. When observing poverty mobility in a single country, it is also difficult 
to interpret whether the observed mobility is high or its pattern unique unless we have some­
thing with which we can compare the estimates of mobility. Comparisons between countries 
enable us to evaluate whether the pattern or level of poverty mobility is unique or common 
between countries and in this way comparisons also give a base for an explanation of poverty 
mobility.
In this final empirical chapter, we test the last remaining research hypothesis, namely that the 
pattern of poverty (and deprivation) fluidity is common across countries. One alternative to 
there being a common poverty fluidity pattern would be that there is no regularity between the 
countries. There may be some kinds of 'poverty fluidity regimes' that assign countries into 
groups by poverty fluidity patterns. Some previous empirical research findings support the 
common fluidity hypothesis. On the other hand, some welfare state theories support the idea 
of fluidity regimes. We can expect that there is some regularity in the pattern of fluidity be­
tween countries, either commonality or regimes. The Common Fluidity and Latent Common 
Fluidity models are now fitted to three layered transition tables, where the layers now repre­
sent countries and the model fit is studied separately in each layer. The model fitting is made 
in section two, where the common poverty fluidity -hypothesis is tested formally. In section 
three, we try to explain how poverty (and deprivation) fluidity can show a high affinity be­
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tween countries, while there are large differences in the national poverty rate. The fourth sec­
tion summarises the empirical findings.
6.2 Common pattern of fluidity between countries
If we continue to use the same variable labels A, B, C and D for the repeated classifications in 
1994,1995,1996 and 1997, we can present the transition tables as ABCD. The ABCD transi­
tion tables of financial poverty, deprivation and subjective deprivation were combined into a 
single layered frequency table in the previous chapter and these layered transition tables were 
studied separately in each country. Now the ABCD transition tables of financial poverty are 
combined across countries into one layered table and the same thing is done to the ABCD 
tables of housing deprivation and subjective deprivation. A new categorical variable T is cre­
ated that has ten categories, each category representing a country layer, and the three layered 
tables can be presented as TABCD. We can now test if the poverty (and deprivation) fluidity 
is common across countries by testing if the pattern of fluidity is common in the categories of 
T.
We use the same Common Fluidity (CF) and Latent Common Fluidity (LCF) models that 
were used in chapter five (see Appendix A) to test the affinity between countries in observed 
and true relative mobility. The Common Fluidity model assumes again that A, B, C and D can 
have different marginal distributions in the classes of T, but all the transition probabilities 
between A, B, C and D are constant across the classes of T, i.e. the fluidity pattern is constant 
across the countries. The CF and LCF models differ from each other only in that the latter 
allows for error in the model by relating the manifest measurements A, B, C and D to the la­
tent structure (which represents the common fluidity in this case) in probabilistic ways. Table
6.1 presents the model fit diagnostics for the CF and the LCF models that are fitted to the 
three TABCD tables, and the likelihood ratios are presented separately for each country. The 
Common Fluidity model has 99 degrees of freedom and the poorest fit can be found with the 
layered subjective deprivation transition tables: the G2 has value of 2681.1 and the misclassi- 
fication is 4.6 per cent. Hence, the pattern of fluidity in the layered subjective deprivation 
transition table shows more country variation than is observed in the financial poverty or dep­
rivation transition tables. The pattern of fluidity in the layered financial poverty and housing 
deprivation transition tables seems to be similar between countries: in the layered financial
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poverty transition table the Common Fluidity model misclassifies 3.7 per cent of the cases 
with the G2 value of 2008.2, in the layered housing deprivation table it is 3.5 per cent with the 
G2 value of 2011.1.
When studying the likelihood ratios under the Common Fluidity model separately for each 
country, one country stands out in every layered transition table: Spain. The Spanish sub-table 
alone produces 45.8 per cent of the likelihood ratio value in the layered financial poverty tran­
sition table, 24.6 per cent in the housing deprivation table and 35.7 per cent in the subjective 
deprivation table.22 The pattern of observed financial poverty fluidity is different in Spain 
because Spain has a higher observed inflow and outflow rate (see Figures 5.2 and 5.3) as well 
as higher observed absolute mobility rate (see Figure 5.1) compared to other countries. In the 
transition tables of housing deprivation and subjective deprivation, the observed outflow or 
inflow rates are not very different in the Spanish sub-table from what can be seen in the other 
countries. Also the observed absolute deprivation or subjective deprivation mobility rates are 
not higher in Spain when compared to the other countries. In the TABCD tables of housing 
and subjective deprivation, the reason for the poor fit of the model in the Spanish sub-table is 
that the observed inflow and outflow rates seem to more time-heterogeneous in the Spanish 
sub-table than in the other sub-tables (see Tables 4.3.3 and 4.4.3). The Common Fluidity 
model is time-heterogeneous, allowing even the four-way association in the ABCD sub-table, 
but the model assumes that the transitions are time-heterogeneous in the same way for each 
country.
22 Since the national samples in the ECHP are different in their sizes we have standardised the Ns by weighting 
G2 by the sample size. Otherwise countries with large samples would ’weigh' more in the comparison (see Erik­
son & Goldthorpe 1992,116).
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T a b le  6 .1  L ik e lih o o d  ra t io s  f o r  e a c h  c o u n t r y  ta b le  s e p a ra te ly  u n d e r  th e  C o m m o n  F lu -
id ity  a n d  L a te n t  C o m m o n  F lu id i t y  M o d e l
Income Deprivation Subjective
Model df G2 Delta G2 Delta G2 Delta
CF 99 2008,2 3,7 2011,1 3,5 2681,1 4,6
LCF 79 1122,2 2,3 1263,2 2,2 1275,0 2.7
Weighted percentage of the total G2 values produced
CF LCF CF LCF CF LCF
DK 1,6 3,2 3,7 5,0 3,4 2,1
NL 3,6 3,2 3,3 3,7 10,1 4,2
B 3,6 5,4 7,7 8,5 4,9 3,7
F 15,1 6,1 12,7 17,9 2,6 2,8
IRL 5,4 8,7 7,8 9,0 3,7 9,1
I 6,9 8,1 6,4 5,3 5,9 10,1
EL 3,6 5,6 13,7 8,6 16,2 16,8
E 45,8 37,3 24,6 22,3 35,7 28,4
P 9,1 11,0 18,1 17,5 13,7 20,6
UK . 5,3 11,5 2,0 2,3 3,5 2,2
100 100 100 100 100 100
We have learnt that error not only causes the absolute mobility and fluidity to be over­
estimated in transition tables, but that error can increase the variance of absolute and fluidity 
rates between countries (and indicators). This is because error seems to operate on a different 
level in different countries. One possible source of mismatch between the Common Fluidity 
model and the data is that the Common Fluidity model is a structural model that allows for no 
error in the measurement. The Latent Common Fluidity (LCF) model tests the hypothesis that 
the true pattern of fluidity is common between countries by allowing each country and each 
repeated poverty and deprivation classification to have its own separate error. This means that 
the different level of error between countries (and between A, B, C and D) is no longer read 
as variation. The LCF model has 79 degrees of freedom and the model again has a better fit to 
the transition tables of objective indicators than to the transition table of subjective depriva­
tion, as was the case with the Common Fluidity model. So it seems that true fluidity, not only
observed, shows the largest country variation in the layered subjective deprivation transition
2table. The Latent Common Fluidity model misclassifies 2.7 per cent of all cases with the G 
value of 1275.0 in the TABCD table of subjective deprivation. When comparing the likeli­
hood ratio and the misclassification produced by the LCF model to the likelihood ratio and 
misclassification produced by the CF model, we can see that incorporating error into the 
model decreases the G2 value by 52.4 per cent (with the loss of 20 degrees of freedom) and 
the misclassification drops by 41.5 per cent. Therefore, it is obvious that the Latent Common
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Fluidity model has much better fit than the Common Fluidity model in the TABCD table of 
subjective deprivation. However» the fit of the LCF model is not perfect, as the model still 
misclassifies 2.7 per cent of all cases.
In the TABCD tables of financial poverty and housing deprivation, the Latent Common Fluid­
ity model also has a much better fit than the Common Fluidity model. In the TABCD table of 
financial poverty, the LCF model has the likelihood ratio value of 1122.2 and the misclassifi- 
cation of 2.3 per cent of the all cases: the decrease in the G2 value is 45 per cent (with the loss 
of 20 degrees of freedom again) and the decrease in the A value is 38 per cent when compared 
with the Common Fluidity model. In the TABCD table of housing deprivation, the Latent 
Common Fluidity model has the G2 value of 1263.2 with 2.2 per cent of the cases misclassi- 
fied: the decrease in both the likelihood ratio and in the misclassification is 37 per cent com­
pared to the Common Fluidity model. So the pattern of true (or error corrected) fluidity seems 
to be much more similar between countries than the pattern of observed fluidity. The explana­
tion for this is that the over-estimation of (absolute as well as relative) mobility is not com­
mon across countries. In some countries, for example in Spain, observed absolute mobility is 
high, but a large part of this mobility is error, so the true mobility is not higher in Spain than 
in other countries. On the contrary, the true absolute mobility is lower in Spain than in the 
most of countries. Also the observed inflow and outflow rates of subjective deprivation are 
over-estimated to a larger degree in Southem-European countries. However, once error is 
removed from the estimates of subjective deprivation fluidity, Southem-European countries 
also show a high affinity with the rest of the countries.
We can study the source of mismatch between the data and the Latent Common Fluidity 
model more closely by calculating the misclassifications separately for each country-layer, as 
was done in chapter five. When observing the standardised likelihood-ratio values in Table 
6.1, we can see that Spain stands out again. The Spanish sub-table, or the layer of T, in the 
TABCD table of financial poverty is responsible for 37.3 per cent of the overall likelihood 
ratio value, calculated as the proportion of the (adjusted) G value in the Spanish sub-table 
from the overall G2 value. The proportion of the likelihood ratio produced by the Spanish 
layer is lower in the TABCD table of housing deprivation and subjective deprivation. In the 
layered housing deprivation table, the Spanish sub-table is responsible for 22.3 per cent of the 
overall likelihood ratio value, in the layered subjective deprivation table it is 28.4 per cent. 
The probable explanation for why the pattern o f true financial poverty fluidity seems to be
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different in Spain is the high time-heterogeneity in the true outflow rates. This can be seen in 
the error corrected transition probabilities in Table 4.2.3. The outflow rate in the Spanish fi­
nancial poverty table is .34 between the first and second measurement point (A and B), .04 
between the second and third measurement points (B and C) and .18 between the third and 
fourth measurement points (C and D). Hence, the latent outflow rate varies enormously across 
time in the Spanish table, while in the other countries, the latent outflow rates are relatively 
time-homogeneous. The extremely high variation in the transition probabilities may also be a 
sign of some considerable errors of nonobservation in the Spanish panel data.
When the estimates of the true and observed change were compared in chapter four, we came 
to the conclusion that absolute mobility is over-estimated by 25 to 50 per cent and that there is 
less country variation in the level of absolute mobility after random error is removed (Tables 
4.2.4, 4.3.4 and 4.4.4). The Latent Common Fluidity model and the error corrected inflow and 
outflow rates indicate that we can draw a similar conclusion about fluidity. The error cor­
rected transition probabilities indicate a lower level of fluidity and less cross-country variation 
in the pattern of fluidity than what would be interpreted from the observed estimates. If we 
look again figures 5.1, 5.2 and 5.3, but this time comparing countries, we can see that the er­
ror corrected inflow rate is always lower than its observed counterpart in every country. It 
further seems that the error-corrected inflow rate shows less country variation than the ob­
served rate. However, the higher country variation in the observed inflow rate seems to be 
caused mainly by the Southem-European countries (and to some degree Ireland and France), 
where the over-estimation of inflows are relatively higher than in the rest of the countries. 
This means that the observed inflow rate is higher in the Southem-European countries, though 
the true inflow rate is at the same level as in the other countries. When removing error from 
the absolute mobility rate, not only does the country variance decrease but also the rank order 
of the countries changes. The Southem-European countries and Ireland have the highest ob­
served absolute mobility rates, but after error is removed, their relative position drops. On the 
other hand, countries like Denmark and the UK, which have a relatively low observed mobil­
ity rate, have in fact one of the highest true absolute mobility rates. The most extreme case 
seems to be Italy which has one of the highest observed absolute mobility rates, but the true 
absolute mobility rate in Italy is one of the lowest.
When re-analysing the true and observed outflow rates in Figure 5.2, this time comparing 
countries, the first thing that is noticed is that the error corrected outflow rate shows less
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country variation than the observed outflow rate. Also, a substantial part of the observed out­
flow seems to be due to error: the true outflow rate is usually clearly lower than its observed 
counterpart. The over-estimation seems to be even higher with the outflow rate than with the 
inflow rate. An interesting observation is that the countries that show the biggest over­
estimation in the observed inflow rate are not the same countries that show the biggest over­
estimation in the observed outflow rate. The observed inflow rate is over-estimated by the 
most in Greece, Spain and Portugal, but the highest over-estimations in the observed outflow 
rate can be found in Denmark and in the UK.
Here we can see how inflow and outflow rates relate to the absolute mobility rate and how it 
is the marginal distributions which determine how inflow and outflow rates shape the absolute 
mobility rate. For example, a poverty classification usually identifies 10-20 per cent of the 
population as poor. The outflow rate describes what the probability is of someone coming out 
of poverty. Since the outflow determines the mobility of just a 10-20 per cent minority of the 
population, error in the outflow rate does not cause a large error in the absolute mobility rate. 
However, error in the inflow rate causes much larger error in absolute mobility, because the 
inflow rate determines the mobility of 80-90 per cent majority of the population. This associa­
tion between absolute mobility, transition probabilities and marginal distributions can also be 
seen here. Countries that have a high inflow rate also have a higher level of absolute mobility, 
while there is not this kind of positive association between the outflow rate and the absolute 
mobility rate.
Therefore, the rank order between countries seems to be the same with the observed and true 
fluidity. In other words, countries that are ranked high according their observed outflow or 
inflow rates tend to be also ranked high according their true inflow and outflow rates. On the 
other hand, the rank order between countries according to their absolute mobility rate changes 
somewhat when over-estimation is corrected. However, the true poverty and deprivation flu­
idity show high affinity between countries, although some individual countries show a small 
deviation from the common (latent) fluidity model. The deviation from the common pattern of 
fluidity in these few countries is mainly caused by bigger time-heterogeneousity in the transi­
tion probabilities. We will now take a theoretical approach to the stochastic process behind 
our transition tables with the aim of explaining the finding that (true) poverty fluidity seems 
to be surprisingly similar between countries, which at the same time have very different cross- 
sectional poverty rates.
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63 Variation in poverty rate, affinity in mobility: an explanation
We have learnt that error also affects marginal distributions, indicating that cross-sectional 
poverty and deprivation estimates can also contain error. Therefore we must ask, how much 
the error corrected poverty (and deprivation) rates differ from the observed rates. Is the expla­
nation as to why poverty rates vary between countries while poverty dynamics are common 
simply that the country variation in poverty rates is due to error that operates on a different 
level in different countries? Table 6.2 presents error corrected financial poverty, housing dep­
rivation and subjective deprivation rates in the first wave, their means and the standard error 
of the mean (SE). The error corrected rates are calculated from the parameter estimates of the 
Latent Mover-Stayer models (products of n  and 6 are summed over the movers and stayers 
chains in tables 4.2.2,4.3.2 and 4.4.2). The error corrected rate follows the observed rate quite 
closely and large over- or under-estimations in the observer rate are rare. The observed fi­
nancial poverty rate has a higher mean in the first wave (17.7) than the error corrected rate 
(17.1). The mean of observed deprivation rate is 19.5 and it is lower than the mean of the cor­
rected rate, 21.3. The mean of observed subjective deprivation rate is 26.0, which is also 
lower than the mean of corrected rate, 28.9. When comparing the SE of the error corrected 
rates to the SE of the observed rates, we can see that correcting error does not reduce the 
country variation. On the contrary, the corrected poverty rates have higher SE than the ob­
served rates for all three indicators. The SE of the observed financial poverty rate is 1.45 
compared to the error corrected SE of 1.65, the SE of the observed housing deprivation rate is 
3.36 compared to the error corrected SE of 3.53 and the SE of the observed subjective depri­
vation rate is 4.53 compared to the error corrected SE of 5.21. Hence, countries have large 
differences in their cross-sectional poverty rates and removing error from these estimates even 
slightly increases the variation between countries.
Another well-known static poverty estimate and Eurostat's structural indicator is the persistent
24financial poverty rate, which attempts to measure the quality (persistency) of poverty. We 234
23 The only exception seems to be Spain which has an exceptionally high over-estimation in the observed finan­
cial poverty rate and an exceptionally high under-estimation in the observed subjective poverty rate.
24 Persistent poverty rate is the proportion of those currently in financial poverty that have been in the same 
situation for at least two out of the preceding three years (Eurostat 2003). The observed persistent poverty rates 
are estimated from the frequencies of ABCD transition tables. The error corrected persistent poverty rates are 
estimated from the frequencies of latent VWXY transition tables, produced by the latent classification probabili­
ties of the partially Latent Mover-Stayer model (see Appendix A).
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could expect that error would have a larger effect on the persistent poverty rate than on the 
financial poverty rate, since the persistent poverty indicator is constructed from four repeated 
financial poverty classifications. We might expect the persistent poverty rate to have statisti­
cal characteristics that resemble both the characteristics of the poverty rate and of poverty 
dynamics. Table 6.2 shows both the observed and the error corrected persistent (financial) 
poverty rates for each country. The true persistent poverty rate follows the observed rate in 
every country, except in Spain where the observed persistent poverty rate seems to vastly 
over-state the number of persistently poor.25 It seems that the persistent poverty rate underes­
timates the proportion of persistently poor, unless error is corrected. The mean of the persis­
tent poverty rate is 10.3 compared to the mean of the error corrected rate of 12.0. The under­
estimation of the persistency of poverty is what we expected, knowing that poverty mobility 
is over-estimated.
T a b le  6 .2  T r u e  a n d  o b s e r v e d  (p e r s is t e n t )  p o v e r t y  a n d  d e p r iv a t io n  ra te s  a n d  p o s s ib le  























DK 11,0 8,9 16,1 9,9 14,5 16,0 7,3 3,7 3,2 6,5 74,1 30,5
NL 14,4 11,0 8,9 9,6 13,6 13,6 10,8 6,0 3,8 6,0 58,3 29,4
B 13,8 18,0 14,8 14,8 18,4 14,0 9.0 10,2 4,6 12,7 56,5 28,1
F 16,5 17,1 28,0 20,0 26,0 19,0 12,0 10,9 5,7 12,3 59,9 30,8
UK 19,7 21,0 20,5 16,3 14,8 12,0 13,4 13,2 6,4 8,2 66,4 27,3
IRL 20,6 17,6 15,5 14,0 28,9 32,0 14,8 10,1 4,8 11,1 49,4 17,2
1 18,2 18,7 13,8 15,6 19,2 21,7 13,8 10,7 6,1 12,0 43,8 25,7
E 9,9 19,5 16,3 19,3 54,7 36,9 4,9 9,6 6,1 21,9 46,2 22,0
EL 19,5 21,4 33,6 32,3 55,2 55,1 14,8 14,0 7,6 10,4 47,5 23,6
P 27,6 23,9 45,5 43,6 44,1 39,8 19,0 14,8 8,3 7,1 61,1 22,5
Mean 17,1 17,7 21,3 19,5 28,9 19,5 12,0 10,3
SE 1.65 1,45 3,53 3,36 5,21 4,53 1,30 1,08
Source: ECHP; OECD 1998; OECD 2001; Eurostat 2003.
So we can conclude that cross-sectional poverty and deprivation rates vary between countries. 
Removing error even increases the cross-country variance. What macro-structural factors 
could explain this variance in national poverty (and deprivation) rates? The labour market is 
the main source of income in every country, so the labour market related characteristics, like 
unemployment or female labour force participation, might have some power of explanation 
over the poverty rate. For example, high unemployment figures indicate that a large part of 
the population has no market income, suggesting a high poverty rate. On the other hand, high
25 The Latent Mover-Stayer model does not have a particularly good fit with the Spanish table, so the error cor­
rected estimates for the Spanish panel could be unreliable.
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female participation in the labour force might suggest a lower poverty rate, since a higher 
number of families have two earners and this way a ’double buffer* against social risks. Table
6.2 presents the unemployment and female labour force participation rates and it seems that 
countries that have a high unemployment rate tend to also have a higher poverty rate. But the 
female labour force participation rate and the poverty rate seem to have no association. We 
might also expect that the extent and universality of the welfare state would have an effect on 
the level of poverty. The last column in the table describes the ratio between the national so­
cial expenditures and the gross-domestic production and the higher the ratio is, the more ex­
tensive we can assume the welfare state of the country to be. There are large differences be­
tween countries in their social expenditures to GDP -ratio and countries that have a more ex­
tensive welfare state tend to have also a lower poverty rate. But there are exceptions, such as 
France that has the highest social expenditures to GDP -ratio (30.8), but at the same time an 
average level of poverty.
It seems that the level of income inequality is the best available explanation to the differences 
in the countries' poverty rates. The S80/S20 ratio is a simple income inequality indicator that 
describes how much more the highest income quintile (20 per cent of the population) earns in 
total compared to the lowest income quintile (see Eurostat 2003). The lowest income inequal­
ity according to the S80/S20 ratio can be found in Denmark (3.2), while the highest can be 
found in Portugal (8.3). The S80/S20 ratio has a clear positive association with the financial 
poverty rate: countries that have high income inequality tend to also have a high financial 
poverty rate. This is not surprising since the relative financial poverty measure is a function of 
the income distribution and the positive association between inequality and financial poverty 
has been reported in several studies (see Atkinson et al. 1995). What is perhaps more interest­
ing is that the subjective deprivation rate and the housing deprivation rate also seem to have a 
positive association with the income inequality S80/S20 ratio. We can assume that the subjec­
tive deprivation rate and the level of income inequality have a positive association because a 
minimum standard of living that is felt not to be reached is always in some way related to the 
average level of living conditions in the society. If the level of inequality is high and visible in 
the society, the feeling of having too little may arise more readily than in a more equal soci­
ety. But the positive association between the S80/S20 ratio and the housing deprivation rate 
cannot be explained by socio-psychological factors, since the deprivation measure is supposed 
to be an objective measure.
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We might have expected these macro-structural factors that seem to cause differences in the 
static poverty and deprivation estimates to also cause country variance in poverty mobility by 
shaping, at least partially, the patterns of flows into and out of poverty. For example, we 
might have expected that an extensive and universal welfare state would decrease the inflow 
into poverty by hedging people against sudden market impacts and other social risks. Or we 
might have expected high female participation in the labour market to decrease the inflow into 
poverty, because two-earner families have a ’dual-buffer’ against social risks, or that high un­
employment would cause difficulty in exiting poverty and this way decrease poverty mobility. 
We could also hypothesise that income equality could have a positive association with pov­
erty mobility, since in a more equal income distribution the average distance from a poverty 
threshold is short, which makes crossing the poverty threshold easier for the majority. We 
could have hypothesised that the flexibility of the labour market can influence how easy it is 
for those at risk of moving between poverty and non-poverty to do so. We could have used 
these macro-structural factors to explain differences in poverty mobility, as we explained the 
differences in poverty rates, but as we already know, there is no variance in relative poverty 
mobility to be explained. There are differences in absolute mobility rates, but the transition 
probabilities are very similar across countries and indicators. What needs to be explained is 
not the expected differences in relative poverty mobility, but the affinity discovered between 
the countries.
The explanation of the affinity in poverty and deprivation fluidity is perhaps quite simple. The 
reason why the (Latent) Common Fluidity model has such a good fit to the data might be 
simply that the model allows marginal distributions to be estimated freely at every measure­
ment point. It could be that when marginal distributions are estimated freely, the parameter 
estimates of transition probabilities are not so significant. When each marginal distribution is 
fitted perfectly in the model, the Markovian process and the convergence towards equilibrium 
is interrupted after each transition step. A Markovian process converts rapidly towards equi­
librium from any (marginal) initial value and the equilibrium value is extremely sensitive to 
even small changes in the transition probabilities. In other words, a Markovian process can 
produce very different marginal distributions, or cross-sectional rates, with only slightly dif­
ferent transition probabilities.
The ability o f the Markovian process to convert marginal distributions towards an equilibrium 
value can be utilised for predicting what the poverty rate (i.e. marginal distribution) will be in
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time t+1. The equilibrium value a for a pair of inflow and outflow probabilities can be calcu­
lated as (taken that inflow and outflow are time-homogeneous):
a  =  low ( ^ in f  low ^ ^outflow  )  [ 6 - 3 ]
In a single step a time-homogeneous first-order Markovian process converts towards an equi­
librium value a  from any initial starting value according to the equation:
<*r+i + [6-4]
where a t is now the initial poverty rate (marginal distribution) in time /, a f+1 the marginal
distribution in time t+1 and P ’s the transition probabilities of inflow and outflow. The equa­
tion 6.4 converts into an (near) equilibrium in 10 to 15 transition steps, or iteration rounds. 
For example, the pattern of fluidity that has the inflow rate of .04 and the outflow rate of .12 
converges to an equilibrium alpha value of .25, which is the same value as the highest ob­
served financial poverty rate in our data. The equilibrium value is very sensitive to the 
changes in inflow and outflow rates, especially to changes in inflow rates, since the inflow 
rate (in our data) applies to the majority of the population. For example, lowering the inflow 
rate from .04 to .03 lowers the alpha value to .20. On the other hand, increasing the outflow 
rate from .12 to .13 (and keeping the inflow rate at .04), decreases the equilibrium value only 
from .25 to .24. The lowest observed financial poverty rate in our data is roughly 10 per cent. 
Taken as an equilibrium, this value can be reached with a pair of inflow and outflow rates of 
.02 and .18, for example. So we can see that the (simple) Markovian process can produce the 
highest and the lowest financial poverty rate in our data, 10 and 25 per cent, with only slightly 
different pairs of inflow and outflow rates; .02/. 18 and .04/. 12. Hence, it is not surprising that 
the pattern of fluidity seems so common between countries in Figures 5.2 and 5.3.
6.4 Conclusions
The answer to the fourth research hypothesis is confirmative: there seems to be a common 
pattern of poverty fluidity between countries. We have reached this conclusion by fitting the 
Latent Common Fluidity model to the layered transition tables of financial poverty, housing 
deprivation and subjective deprivation. The Latent Common Fluidity model allows marginal 
distributions, i.e. poverty and deprivation rates, to vary across countries, but assumes that the 
pattern of transition probabilities is common across the countries. The misclassification of the 
model was 2.3 per cent in the layered financial poverty transition table, 2.2 per cent in the 
housing deprivation and 2.7 per cent in the layered subjective deprivation table. A closer ex­
amination revealed that the Spanish table caused the largest mismatch between the model and 
the data. Almost half of the total likelihood ratio value under the model came from the Span­
ish sub-table in the financial poverty table and a quarter in the deprivation and subjective dep­
rivation tables. The (latent) fluidity is more time-heterogeneous in the Spanish sub-table than 
in other country-layers, which explains most of the mismatch. Taking into account the fact 
that we are modelling a layered transition table with exceptionally high Ns, we can say that 
the model assuming common latent fluidity fits reasonable well with the data. The pattern of 
true fluidity shows remarkable affinity across all the countries with direct, indirect and subjec­
tive indicators. This confirms the preliminary interpretation we made in chapter four (see ta­
bles 4.2.3,4.3.3 and 4.4.3) about affinity in error corrected transition rates.
The (true) poverty and deprivation fluidity have a surprisingly high level of affinity between 
countries that show large differences in cross-sectional poverty deprivation rates. Similar re­
sults have also been reported in other recent studies on poverty dynamics (see Layte & Whe­
lan 2003). An explanation for why poverty and deprivation fluidity shows affinity while the 
national poverty rates vary might be the fact that very small differences in the transition prob­
abilities can give rise to big differences in the marginal distributions. In other words, a Mark­
ovian process can produce very different cross-sectional poverty rates with only slight differ­
ences in the pairs of inflow and outflow rates.
A common fluidity also means that we cannot group countries into poverty mobility regimes, 
similar to the way that countries are often grouped into welfare state regimes, for example. To 
form regimes based on poverty, this has to be done according the static estimates. Countries
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can be grouped into regimes according to their poverty and deprivation rates (observed or 
error corrected) and these regimes would be well matched to the four established welfare state 
regimes. But both the level of mobility (i.e. absolute mobility) and the pattern of mobility (i.e. 
fluidity) show a high affinity across all the countries, especially after error is corrected from 




We have compared countries and indicators, observed and error corrected estimates. How­
ever, not all of the findings of the study have been produced by comparative methods. One of 
the main findings of the study, i.e. that poverty and deprivation dynamics can be described by 
the classical Mover-Stayer model, was a result of tenacious log-linear model building. The 
result of this model building reconciled the two seemingly contradictory characteristics of 
poverty dynamics that have confused researchers: the high level of poverty mobility together 
with very persistent and long poverty spells. We showed that there are two types of poor: 
those living in constant poverty and those who experience frequent but short poverty spells. 
Only through longitudinal analysis are we able to identify these two groups that would have 
remained invisible to static snapshots. When the absolute and relative aspects of poverty (and 
deprivation) mobility were analysed separately, the comparative method also revealed some 
other unknown characteristics of poverty dynamics. Based on classical test theory we ex­
pected that random error would cause some over-estimation in the panel data, but error was 
discovered to operate in a more complex way across countries and indicators than was first 
assumed. Also our assumptions about country differences in absolute mobility and fluidity 
had to be thoroughly reassessed during the empirical analyses.
But how do these findings fit with previous studies and theories of poverty and poverty dy­
namics? Is the longitudinal structure containing movers and stayers generalisable as the gen­
eral structure o f social disadvantages? And where from the longitudinal structure of poverty 
arises and how? Are there any policy recommendations that this study could generate? These 
are the questions that this summary chapter seeks to answer by drawing together the empirical 
findings of the study and interpreting them in a larger context, and finally, pondering upon 
some policy recommendations from the results. In section two, the empirical findings of the 
study are first summarised and then considered in the light of the previous studies and exist­
ing theories. In the third section, we look at how this altered view of poverty from static to 
dynamic changes our understanding about this multidimensional phenomenon and how the 
dynamic approach might influence social policy and perhaps provide new tools for policy 
makers. Some old and some new conceptual and theoretical building blocks are proposed on
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how poverty could, and should, be understood as a temporal and dynamic phenomenon in­
stead of as a static condition. However, not only are the advantages of a dynamic approach 
highlighted but also the possible dangers attached to the dynamic approach.
7,2 Sum m ary of em pirical findings
We have studied two aspects of longitudinal poverty in this study; the distribution of poverty 
spells in the population and the likelihood of future poverty spells. Much less attention is 
given to the third aspect of longitudinal poverty, which is the duration of poverty (see Jantti & 
Danziger 2000), Naturally this distinction is more of an analytical one, since the duration de­
pends on the transition probabilities.26 There is also dependence between absolute mobility, 
transition probabilities and marginal distributions, as we have seen. Poverty rate and poverty 
mobility are the two sizes of the same coin. The current poverty rate is 'produced' by the past 
mobility, where people have moved to, or stayed in, their present poverty status. How many 
moves, and where, is shaped by the proportions of poor and non-poor (i.e. marginal distribu­
tion) and the inflow and outflow probabilities, which then determine the level of absolute mo­
bility.
The direct, indirect and subjective poverty indicators that are used in this study are assumed to 
measure different dimensions, or manifestations, of poverty. Poverty is seen as an abstract 
social concept and essentially a non-Platonic measurement object. Costner (1969) and Blalock 
(1968) emphasised that we should always remember three things when measuring abstract 
concepts in sociology. First, we must evaluate whether the empirical measurements are ade­
quate and valid indicators for measuring the abstract formulation. Second, we must evaluate 
whether the abstract formulation itself is tenable. Thirdly, we must build a theory that ex­
plains why these two components, the indicator and the concept, relate to each other in the 
way they do. The abstract formulation that is attempted to measure here is Townsend's defini­
tion on poverty as relative deprivation. The measurements that are used as the indicators of 
poverty are financial poverty, housing deprivation and subjective deprivation head-count 
measures.
26 The expected duration of poverty, for example, is equal to ¡/(probability to exit poverty) if transition prob­
abilities are time homogeneous (Cox & Miller 1965,135-9).
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The chronological order in this study has meant that the dynamics of poverty are first mod­
elled and then compared across poverty measures and countries. This is also a good order to 
present the empirical results of the study. In chapter three we presented four research hy­
potheses that were tested against the ECHP panel data. Each hypothesis was derived from an 
earlier theory or thesis.
The first research hypothesis states that the population is heterogeneous in their relation to the 
transition of poverty. This hypothesis is derived from the individualisation thesis that says that 
in the affluent welfare states, poverty is connected more to individual biography and life- 
situation than to social class structure or stratification in general. This suggests that poverty is 
no longer only a problem for a clear-cut fragment o f the society, instead, poverty also touches 
the middle classes in the contemporary welfare states (see Leisering & Leibfried 1999), If the 
individualisation thesis is true, poverty incidences should be transitory and distributed quite 
equally across the population. We can interpret from this that the more equally poverty inci­
dences are distributed across the population, the more people there are experiencing short 
poverty spells and the less people there are experiencing persistent poverty. On the other 
hand, poverty can be seen to be completely structural if there are only two groups of people in 
the population; always poor and never poor. By studying the dynamics of poverty we are 
given the possibility to test the individualisation thesis, although superficially.
The descriptive figures of poverty and deprivation dynamics indicated that the population can 
be divided into stayers and movers and that the risk of poverty (or deprivation) re-occuring 
remains high for years. We expected that a model that would describe this kind of dynamic 
process would be found in the family of Markov models. After tenaciously fitting models we 
found a Markov model that was able to explain the dynamics of poverty in every transition 
table. The final model was the Latent Mover-Stayer model, which contains the structural sub­
model and the measurement sub-model. The structural sub-model (i.e. the causal model) as­
sumes that the population is divided into movers and stayers. The stayers either stay in pov­
erty or stay out of poverty and the movers move in and out of poverty following the simple 
Markovian process. The measurement sub-model relates every observed (i.e. manifest) meas­
urement to its structural counterpart variable by probabilistic relationship, allowing a separate 
error for each manifest measurement among the movers but assuming that the stayers are 
measured without error.
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The parameter estimates of the Latent Mover-Stayer model indicate that around half of the 
population or more can be considered as movers, depending on the country and what poverty 
indicator is used. The finding that the majority lives with a risk of short poverty spells is con­
gruent with the individualisation thesis that states that contemporary poverty even impinges 
on the middle classes. On the other hand, we can see that the other half of the population are 
stayers, either staying constantly in poverty or always staying out of poverty, which points 
away from the individualisation thesis. The vast majority o f stayers are non-poor, but the pro­
portion of people who are constantly poor is relatively high in some countries. Countries that 
have a high cross-sectional poverty rate tend to also have a relatively high section of the 
population who are constantly poor. The high proportion of stayers, either never in poverty or 
always in poverty, suggests that poverty is still very much a structural phenomenon. Poverty 
is a stable condition for a clear-cut, though small, fragment of the population, while a large 
part of the population never experience poverty.
However, the general longitudinal structure of poverty and deprivation that we have discov­
ered is not congruent with hypotheses that in the affluent welfare state poverty has become 
transient and transcendence over social boundaries, as the individualisation thesis argues (Le­
isering and Leibfried (1999, 239). Poverty and deprivation spells seem to be recurrent rather 
than transient and the risk of poverty or deprivation is very unequally distributed in the popu­
lation. These findings are congruent with the result of Layte and Whelan (2002), also Andreß 
and Schulte (1998). However, we cannot give a definite answer to the question of whether pov­
erty has become just an episode in the course of life as the individualisation thesis also states. 
We have followed people for only a relatively short period o f time and to be able to test satis­
factorily the claim that poverty has become ’biographised’, we would need data covering a 
much longer period, preferably the whole life span of the studied people. With the data in our 
use, the only thing that we can safely conclude is that the population is heterogeneous in their 
relation to the transition of poverty and that the population can be divided into three groups 
that have very different, and permanent, poverty trajectories. The discovery of these three 
groups gives support to the typology of poverty profiles, developed by Fouarge and Layte 
(2003) to examine the persistence and recurrence of poverty.
The same longitudinal structure that emerges in every country and with every indicator indi­
cates that the same macro-structural factors shape the longitudinal structure of poverty and 
deprivation. Sometime the importance of sociological phenomena lies in its constancy, not in
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its variance, and we should try to find explanation for this constancy, as we would seek ex­
planation for the variance (see Erikson & Goldthorpe 1992, 389-391). The structure of social 
stratification arises from the different positions in the production system, which is still the 
main source of income and wealth (ibid., 35-47, see also chapter 1.2.2.). So we can assume 
that also the structure of disadvantages arises from the different positions in the production 
system, though heavily shaped by the welfare state and family institutions (see Layte et al. 
2001). There are authors who present that large, even qualitative, changes have taken place in 
the economy and society in the last decades (e.g. Castells 1996). Changes in the labour market 
and in the society in general (increased use of self- and fixed-term employment, the expansion 
of tertiary education and following prolonged time in education and increased average-age to 
have children) have changed nature and distribution of positions in the production system.
The relative large proportion of movers in every country indicates that a large part of the 
population do not hold permanent positions in the labour market and that the welfare state 
with its redistribute institutions is partly insufficient to prevent the economic consequences of 
the precariousness in the labour market. The model where the structure of disadvantages 
arises from the allocation of positions in the labour market and is shaped by the family and 
the institutional arrangements of welfare state would explain both the common longitudinal 
structure of poverty and the variation in the relative sizes of movers and stayers inside this 
structure. Ten EU countries that are studied here have similar production systems based on 
market economy, similar family structure based (mainly) on the nuclear family and similar 
institutional arrangements for redistribution and pooling social risks. Naturally, the ten coun­
tries have differences in their labour markets, family structures and welfare state arrange­
ments. But these three institutions are found in every country studied (as in every western 
industrialised country), which probably explains why the longitudinal structure of disadvan­
tages is similar. The differences between the countries are seen as the variation in the relative 
sizes of movers and stayers. However, clarifying the relationship between, and changes 
within, the structure of disadvantages, the labour market, the welfare state and family need 
more empirical and theoretical work.
The second research hypothesis states that mobility in the poverty transition table is over­
estimated if random error is ignored. This hypothesis is based on empirical studies that have 
shown that error causes under-estimation of stable cases in panel data (e.g. Hagenaars 1992; 
Breen & Moisio 2004). The Latent Mover-Stayer model can be used to estimate the true sta­
174
bility and error in a discrete time and space panel data, as Langeheine and van de Pol (1990) 
showed. The error corrected estimates show that both the absolute as well as the relative pov­
erty and deprivation mobility (fluidity) is over-estimated if random error is ignored, so our 
hypothesis was confirmed. Absolute poverty and deprivation mobility especially seem to be 
vastly over-estimated, by 25 to 50 per cent, if random error is not taken into account. Poverty 
fluidity is also over-estimated, especially the outflow probabilities, if error is ignored. Hence, 
much of what appears to be exits from poverty (or deprivation) is actually measurement error. 
The over-estimation in the observed inflow is not as high as in the outflow. The reliability 
matrices of the measurement-sub model show that the error is mainly associated with the fail­
ure to accurately identify the poor, the non-poor are identified with much less error. Also ran­
dom errors seem to operate with a differential effect in the various countries. This is most 
noticeable with the absolute mobility rate which shows a much larger variation between coun­
tries before the error is corrected. The over-estimation seems to be particularly large among 
some Southem-European countries, whose absolute mobility rate dropped dramatically when 
error was corrected.
The error does not just effect the estimates and comparisons of poverty dynamics, but error 
also has an effect on the cross-sectional poverty and deprivation rates. The differences be­
tween the corrected poverty and deprivation rates and error corrected rates, however, are not 
that dramatic. However, estimates that somehow incorporate the length or the frequency of 
poverty spells into the measurement are vulnerable to the same systematic bias as the esti­
mates o f absolute and relative mobility. For example, one of the EU social indicators, the per­
sistent poverty indicator incorporates information about the length and frequency of financial 
poverty spells into the measurement (see Atkinson et al. 2002). As we expected, the indicator 
under-estimates the number of people in persistent poverty, because random error in the panel 
data is taken as mobility. It seems that every longitudinal poverty measure gives biased esti­
mates if random error is ignored.
The third research hypothesis states that the pattern of fluidity is common between the three 
poverty measures. The hypothesis is derived from the thesis presented by Gordon (2002) that 
the financial poverty and deprivation measures are measuring the same dynamic process, but
175
in its different phases.27 However, with this set of analysis we cannot test if these three indica­
tors are measuring the same dynamic process - we only have tested if their fluidity patterns 
are similar. The transition table of financial poverty, housing deprivation and subjective dep­
rivation were combined into one layered table. The Latent Common Fluidity model was fitted 
to the layered table to test whether there is a common pattern of fluidity across the layers. The 
Latent Common Fluidity model is again a genuine measurement model that contains a struc­
tural sub-model and a measurement sub-model. The structural sub-model assumes that the 
marginal distributions (i.e. poverty rates) vary between indicators, but the transition probabili­
ties (i.e. fluidity) are common across indicators. The measurement sub-model relates again 
each manifest measurement to the structural sub-model with probabilistic relationships, al­
lowing each indicator to have a separate error. According to the model fit diagnostics, all 
three of the poverty indicators have a common pattern of fluidity only in Italy, Denmark, 
France and the UK. However, financial poverty and housing deprivation have a common pat­
tern of fluidity in every country. So, the hypothesis that financial poverty, housing deprivation 
as well as economic strain indicators have the same fluidity does get prudent support.
The last research hypothesis states that the poverty fluidity is common between countries. 
This hypothesis is based on the study of Layte and Whelan (2003), where they found that the 
poverty transition probabilities are fairly similar across the EU countries. We tested the com­
mon pattern o f fluidity -hypothesis again with the Latent Common Fluidity model. This time 
the transition tables were combined across countries and the model was fitted to the layered 
transition table of financial poverty, housing deprivation and subjective deprivation, each con­
taining ten country layers. The Latent Common Fluidity model allows poverty and depriva­
tion rates to vary across countries, but assumes that the pattern of latent transition probabili­
ties is common. The model has a good fit in all three tables, so the answer to the fourth re­
search hypothesis is yes: there seems to be a common pattern of poverty and deprivation flu­
idity between countries. We did not make a formal hypothesis about the possible affinity in 
the absolute mobility rates between countries, but during the analyses we discovered that re­
moving the effect of random error decreases country variation in the absolute mobility rate 
dramatically. Most of the country variation in the absolute mobility rate are caused by error 
that is larger in some countries than in others. So the conclusion from the comparison between
27 Gordon’s thesis suggests also that the dynamics of financial poverty and deprivation are in synchrony in a way 
that means that deprivation follows financial poverty with a lag. However, we cannot test this thesis with our 
layered transition tables, so this testing is left for later studies.
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countries is that the poverty and deprivation fluidity have high affinity across countries. As an 
explanation as to how fluidity can show affinity between countries that have large differences 
in their cross-sectional poverty and deprivation rates, we present the fact that very small dif­
ferences in the transition probabilities can give rise to big differences in marginal distribu­
tions. In other words, very different cross-sectional poverty rates can be produced with only 
slightly different transition probabilities.
So poverty reaches a larger part of the population than the cross-sectional poverty or depriva­
tion rate indicates - a much larger fraction of the population has experienced poverty or depri­
vation than is living in poverty or deprivation momentarily. This can be detected as high pov­
erty and deprivation mobility. High poverty mobility also means that from those identified as 
poor momentarily, only a minority is expected to stay in poverty for a long period while the 
majority is expected to have a transient poverty spell. However, our analyses have shown that 
these transient poverty spells seem to be concentrated among the same group of people that 
we have named as poverty movers. The cross-sectional measure identifies those poverty mov­
ers that are in poverty at the moment together with the poverty stayers as poor. The existence 
of these two groups, poverty movers and stayers, explains why poverty seems to be transitory 
and persistent at the same time, which has given poverty dynamics an ambivalent character. 
We studied only three head-count measures in ten countries, but we would expect other head- 
count poverty and deprivation measures to lead to similar results when used in repeated 
measurements. Also the constancy of the longitudinal structure of poverty (and disadvan­
tages) across countries requires more empirical and theoretical work on the macro-structural 
factors that shape this structure.
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7.3 Recommendations of the study: Changing the view on poverty and policy
The change of perspective of poverty from static to dynamic naturally causes changes in the 
measurement level. Instead of thinking about how many people are below some poverty 
threshold at a given moment, the longitudinal perspective looks at how many people live in 
constant poverty or in a poverty cycle and what events can trigger poverty or can help some­
one to leave poverty. Hence, with a longitudinal research setting we can study the causes of 
poverty, not just what the level of poverty is and how poverty is distributed in the society. At 
the policy level, this would make it possible to treat the causes of poverty, not just the symp­
toms. The dynamic approach can enlarge the toolkit of the social policy makers. If we know 
the events and processes that seem to trigger poverty, policies can be designed to prevent 
people from entering poverty in the first place. On the contrary, if we know the events and 
processes that seem to help people to get out of poverty, policies can be designed to support 
these events and processes, (see Bradbury et. al. 2001,2-4.)
When starting to think of poverty as a temporal phenomenon that has a beginning and an end, 
we should bear in mind that the events leading to poverty are not necessarily the same as the 
events that help exit it. This is actually one of the interesting findings that the studies of pov­
erty dynamics have produced. Changes in household structure, such as divorce or an addition 
to the family, are often the events that seem to trigger a poverty spell. However, the event that 
usually helps people to exit poverty is an improved employment situation and therefore an 
increased income. Nevertheless, a decrease in income, not a demographic change in the 
household structure, is still the most common reason for entering poverty. However, a change 
in household structure is often accompanied by a decrease of income due to the decrease in 
the number of earners in the family, either because of the breaking up of the household or due 
to maternal leave (e.g. Bane & Ellwood 1986; Jenkins 2000).
The poverty rate of a country is the product of poverty inflows and outflows. In other words, 
how many people have entered poverty and how many have exited poverty. With the dynamic 
approach, social policy can be targeted to decrease the inflow into poverty or to increase the 
outflow out of poverty (or try to do both) and this way lower the number of people in poverty. 
Changes in the poverty rate can also be studied more closely using inflows and outflows. An 
increase in the poverty rate, for example, is caused always either by an increase in the inflow
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into poverty or a decrease in the outflow from poverty, or both. The information of whether it 
is the change in the inflow or in the outflow that is responsible for the increased poverty rate 
helps to target the scarce resources to where they are probably the most effective. Addition­
ally, changes in the poverty inflow and outflow rates can provide a tool for making a prudent 
prediction of how the poverty rate will develop in the near future. Each pair of in- and outflow 
rates has a certain equilibrium poverty rate towards which they convert the poverty rate. If 
the poverty rate is not in the equilibrium with the current inflow and outflow, we can expect 
that the poverty rate will converge toward the equilibrium value. We can estimate what the 
equilibrium poverty rate is for the current in- and outflow rates and we can expect that the 
poverty rate will move towards this equilibrium value in the near future, assuming that all the 
other factors remain the same. In practice this means, for example, that a decrease in the pov­
erty outflow, or an increase in the poverty inflow, raises the poverty rate by several years until 
the poverty rate reaches its new equilibrium. Knowing this, the inflow and outflow rates can 
provide policy makers guarded, but extremely valuable, information about the possible devel­
opment of poverty rate in the near future. However, poverty transition rates change over time, 
as was discovered in chapter four, so these predictions are always precarious.
Perhaps the strongest recommendation that this study can give concerns the use of panel data. 
This study confirms Duncan's (1997) concern about the consequences of neglecting meas­
urement error in longitudinal poverty estimates and studies. The importance of taking meas­
urement error seriously is growing now as the longitudinal studies and poverty measures are 
becoming increasingly important in policy making. Longitudinal poverty measures have 
found their way into the EU structural indicators, for example, which shows the growing in­
fluence of longitudinal poverty measures in social policy. It should be generally acknowl­
edged among the poverty researchers that random errors do not nullify each other in the panel 
data as they do in the cross-sectional data. Instead, random error appears as mobility in panel 
data if error is not treated properly with a measurement model. Random error in panel data 
causes poverty mobility to be over-estimated, and consequently, the persistency of poverty is 
underestimated if random error is ignored.
But the change from a static to a dynamic approach can also cause more fundamental changes 
at the policy level than just changes in the estimation of longitudinal poverty statistics and
u We showed simple equations to calculate is the poverty rate in the equilibrium with the given inflow and out­
flow rates in chapter 6, section 3.
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enlargement of the social political toolkit in the fight against poverty. As was discussed in the 
introductory chapter, every policy program against poverty contains an explicit or implicit 
explanation what poverty is (Townsend 1979,64). The fundamental difference of the dynamic 
approach compared to the static approach lies in the methodology of longitudinal studies. This 
is simple because a longitudinal analysis (usually) needs to follow an individual from one 
time point to the next. This has two consequences. First, poverty is seen more as an individual 
characteristic, since we can see that some people move in or out of poverty and some do not. 
Secondly, when we can isolate the individual or family level factors that lead to poverty, for 
example unemployment or divorce, this can easily blur the structural factors that are always 
behind poverty. In other words, the factors that explain the entry into poverty of an individual 
(or a family) cannot always be generalised to the societal level. Moving into poverty can in 
many cases be explained by the break up of the family, for example, but marital breakdown 
does not explain why there is poverty in the society. Hence, the danger in the dynamic ap­
proach is that it easily individualises poverty by introducing a list of events that often precede 
the poverty entry. There is then a danger that these triggering events become viewed as the 
’actual causes' o f poverty. Also, when we then see that some people escape poverty and some 
do not, the next question could easily be, what are the individual characteristics that 'cause' 
these people to be in persistent poverty. So it seems that the dynamic approach is carrying, at 
least implicitly, a recommendation for active and targeted policies against poverty.
Active anti-poverty policies have often been advocated by referring to the persistency of pov­
erty. In the United States several studies in the 1980s showed that many recipients of means- 
tested benefits received the assistance for years. These findings launched a serious welfare 
reform in the 1990s. The main argument for the reform was that the unconditional social as­
sistance was believed to cause welfare dependence. Motivation to work was believed to be the 
answer to the problem of poverty. Working or training was made a condition of receiving 
means-tested benefits. The number of people on welfare dropped dramatically in just a few 
years after the reform, but it is generally admitted that the activation programs did not allevi­
ate poverty, (see Aber & Elwood 2001, 295.) Instead, the welfare reform increased the num­
ber of working poor, although it reduced the number of welfare poor. There is also a danger 
that a possible failure of activation easily individualises the poverty problem, which has hap­
pened to some degree in the United States. So, the experiences of the activation programs for 
the poor are not very encouraging.
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Also, research findings that have indicated that poverty is mainly transitory have been used to 
criticise exercised social policy. Leisering and Leibfried (1999) studied the recipients of so­
cial assistance in Germany and they discovered that the majority of the recipients received 
assistance for only a short period. They called for a life-course approach to social policy 
where social risks would be managed through the whole life span of individual (id. 29-33). 
Hence, Leisering and Leibfried called for a qualitative change to the universal social policy 
that they saw as poorly targeted and inefficient. It is hard to deny some of their arguments 
about feebly designed universal social policies, since poverty is usually more common among 
children than in the rest of the population. This means that social policy is often unable to 
bend with the changing needs that people have through their life-course. However, it is hard 
to imagine how an individually tailor-made, life-course social policy would work in practice, 
since the administrative costs of it would undoubtedly be very high.
It has also been proposed that the high poverty mobility might erode the popularity of univer­
sal social policy (Hill & Jenkins 2001). When the policy makers and the public are shown 
studies where it is revealed that the majority of the poor are in poverty only for a short time, 
obviously they might start to question, whether the universal social transfers should be tar­
geted and made means-tested. If the most of the poor are actually just ’visiting* poverty for a 
short period, should we try to target the help towards those who really need the social assis­
tance and not just spread money more widely to the people who really do not need it? This 
would mean favouring targeted social policy over the universal. However, this study has 
shown that the estimates of poverty mobility are substantially lower once error is corrected 
and that high mobility does not mean that the majority of the poor are in poverty for a short 
spell and then permanently leave. On the contrary, we have learnt that it is generally the same 
group of people who move in and out of poverty.
But choosing the dynamic approach towards poverty does not necessarily mean that one 
automatically also has to choose activation and targeted social policies. What the dynamic 
approach means, at least what we believe, is that we should see poverty in a similar way as, 
for example, unemployment. Both poverty and unemployment have a beginning, a duration 
and an end, but only unemployment is usually seen and treated as a dynamic phenomenon at 
the policy level. Along with social security, most of the welfare states have active employ­
ment policies that are aimed to improve employment and reduce unemployment. In other 
words, welfare states have active employment policy programs that are aimed at increasing
181
the inflow into jobs and decreasing the outflow from jobs. The means of active employment 
policies vary from the subsidised employment to education and training. Education and train­
ing programs are usually aimed at improving the professional skills of the entire workforce, 
not just those who are unemployed. On the contrary, when the problem of poverty is brought 
up as an issue in a policy debate, the emphasis is often only in the insufficiency of social as­
sistance: how much more money would be needed to get the poor above the poverty thresh­
old, not so much on how we could prevent people from falling into poverty in the first place. 
However, a distinction between employment and poverty policies is not necessarily easy to 
make, since in many cases a good employment policy is (seen as) the best anti-poverty policy. 
This is obvious since the problem of gaining sufficient earnings in the labour market can be 
seen as the main cause of poverty. In the welfare states that practise universal social policy, it 
is especially difficult to isolate a specific policy area that could be called the anti-poverty pol­
icy. Tailor-made anti-poverty programs tend to be more common in the welfare states that 
practice more residual social policy. Universal social policy is supposed to deal with poverty 
in the whole range o f policy.
Perhaps universal social policy provides the best conditions for utilising the full potential of 
the dynamic approach. Longitudinal poverty studies can shed light on the larger mechanisms 
in the society that cause poverty, mechanisms that are often beyond the sight and scope of 
traditional social policy. For example, we are finally starting to realise, or admit, how the pro­
longed education, precarious employment and the determination rules of the maternity leave 
benefits form conditions where addition to the family is likely to trigger a poverty spell. With 
longitudinal poverty studies we can follow individual paths into poverty and this way reveal 
these mechanisms and events that seem to trigger a poverty spell. Changing these macro- 
structural mechanisms and protecting families from the events that trigger poverty would re­
quire cooperation between different policy areas - in this case, coordination between educa­
tion, the labour market and social policies. Each of these policy areas has its own historical 
development and goals and they may be unaware o f the consequences of their possible syner­
gism.
This study is not designed and cannot give an unambiguous answer to the question of what 
kind of policies should be used for the fight against poverty. The main advantage that follows 
from the dynamic approach is the richer and more truthful picture of the multidimensional and 
temporal phenomenon called poverty. The poverty rate is a rough snapshot that does not cor-
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respond to our understanding of poverty as a temporal phenomenon that has a beginning, a 
duration and an end. The dynamic approach towards poverty also gives a larger variety of 
tools to social policy to fight against poverty when the events and processes that either trigger 
or end poverty spells are revealed. This way social policy makers can try to treat the causes of 






APPENDIX A: LEM syntaxes for the log-linear models
Variables Description
A, B, C and D: Repeated classifications in waves 1,2,3 and 4.
M: Poverty dynamics: income dynamics=1, deprivation dynamics=2, subjective dynamics=3.
T: Countries: Denmark=1, Nether1ands=2, Belgium=3, Frances, lreland=5, ltaty=6, Greece=7, 
Spain=8, Portugal=9, United Kingdoms'!0.
Independence Quasi-Independence Simple Markov
man 4 man 4 man 4
dim 2 2  2 2 dim 2 2 2 2 dim 2 2 2 2
lab A B C  D lab A  B C  D lab A  B C  D
mod {A ,B ,C ,D } mod {A ,B ,C ,D ,fac(A B C D ,2 )} mod B]A
des [ 1 0 0 0 0 0 0 0 C|B eql B|A
0 0 0 0 0 0 0 2 ] D|C eql B|A
Simple Markov* Markov 2 Chain Mover-Stayer
man 4 lat 1 lat 1
dim 2 2  2 2 man 4 man 4
lab A B C  D dim 2 2 2 2 2 dim 2 2 2 2 2
mod {A B .B C .C D } lab X  A  B C  D lab X  A  B C D
mod B|AX mod A|X
C|BX eql B|AX B|AXeq2
D|CX e q l B|AX C|BX eq! B[AX 
D|CX eql C|BX 
des [1 2 3 4 -1  -1 -1 -1] 
sta BjAX [.5 .5 .5  .51 0 0 1]
Time-heterogen. Mover-Stayer Latent Class Latent Class*
lat 1 lat 1 lat 1
man 4 man 4 man 4
dim 2 2 2 2 2 dim 2 2 2 2 2 dim 2 22 22
lab X A B C  D lab X  A  B C  O l a b X A B C D
mod A|X mod X mod X
B|XA eq2 A[X A)X
C|XB eq2 B[X eqt A|X B|X
D|XC eq2 C|X eql A|X C|X
des [0 0  0 0 -1  -1 - 1- 1 0 0 0 0  
-1 -1 *1 -1 0 0 0 0 - 1  -1 -1 -1 ]
Sta B|XA [.25 .25 .25 .25 1 0 0 1] 
sta C|XB [.25 .25.25 .25 1 0  0 1] 
sta D|XC [.25 .25 .25 .25 1 0 0 1]
DjX eql A|X D|X
Latent Markov Time-heterogen. Latent Markov (Partially) Latent Mover-Stayer
lat 4 lat 4 lat 5
man 4 man 4 man 4
dim 2 2 2 2 2 2 2 2 dim 2 2 2 2 2 2 2 2 dim 2 2 2 2 2 2 2 2 2
l a b X Z Y W  A B C D l a b X Z Y W  A B C D lab U V W X Y  A B C D
mod X mod X mod A|UV eq2
A|X A[X B|UW eql A|UV
B|Z eql A|X B|Z eql A|X C|UX eql A]UV
C|Y eql A|X C|Y eql A|X D|UY eql AjUV
D[W eq1 AIX D|W eql A|X W|UV eq2
Z|X Z)X X]UW eq2
Y|Z eql Z|X Y|Z Y]UX eq2
W|Y eql Z[X W |Y des [ 0 0 0 0 - 1  -1 -1 -1 0 0 0 0 - 1 - 1  -1 *1 
0 0 0 0 - 1  -1 -1 -1 0 0 0 0 * 1  -1 -1 -1] 
sta A]UV [.25 .25 .25 .25 1 0 0 1]
Sta W|UV [.25 .25 .25 .25 1 0 0 1] 
sta X|UW [.25 .25 .25 .25 1 0 0 1]
Sta Y]UX [.25 .25 .25 .25 1 0 0 1]
18 4
Common Fluidity Latent Common Fluidity
man 5
dim 3 2 2 2 2 
lab M A  B C  D
mod {M A.M B.M C.M D .ABCD }
lat 4 
man 5
dim 2 2 2 2 3 2 2 2 2
l a b V W X Y M A B C D
mod
A|MV eq2 
B|MW eq1 AjMV 
C|MX eqt A[MV 
D|MY eq1 AjMV 
W ]M V {W M , W V )
X|MWV {XM, XWV}
Y|MXWV {YM , YXW V}
des [0 0 0 0 0 0 0 0 0 0 0 Ol 
Sta A|MV [.75 .25 .75 .25 .75 .25 
.25 .75 .25 .75 .25 .75 ]
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APPENDIX B: Proportions of item nonresponce*
Country N
Financial poverty Housing deprivation Subjective deprivation
NR in i NR in 1 NR in i NR in 1 NR in i NR in 1
DK 5448 19,2% 2,6 % 7,9 % 1,0% 7,4 % 1,1 %
NL 10667 12,1 % 2,6 % 2,7% 0,1 % 2,6 % 0,1 %
B 7280 13,0% 2,8 % 5,6% 2,3 % 5,2 % 2,4 %
F 14456 10,9% 1,7% 4,5 % 0,3 % 3,8 % 0,4 %
1RL 9144 9,7 % 0,2 % 5,1 % 0,8 % 1,4% 0,5 %
1 18622 14,5% 4,5 % 5,6 % 3,1 % 4,5 % 1,9%
E L 12372 13,6% 1,1 % 0,7 % 0 ,0 % 0,8 % 0,0%
E 16709 16,4% 2,6 % 4,5 % 0,2 % 4,1 % 0,1 %
P 12686 8,9 % 1,8% 2,4 % 0 ,0 % 2,5 % 0,0%
UK 10892 5,7 % 2,4 % 32,8 % 25,9 % 4,9 % 2,2 %
* N is the number of cases (unweighted), NR in i is the proportion of cases in the panel having at 
least one missing value, NR in 1 is the proportion of missing values in the first wave.
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